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Abstract

Contagion processes, representing the spread of infectious diseases, information, or social
behaviors, are often schematized as taking place on networks, which encode for instance
the interactions between individuals. The impact of the network structure on spreading pro-
cess has been widely investigated, but not the reverse question: do different processes
unfolding on a given network lead to different infection patterns? How do the infection pat-
terns depend on a model’s parameters or on the nature of the contagion processes? Here
we address this issue by investigating the infection patterns for a variety of models. In simple
contagion processes, where contagion events involve one connection at a time, we find that
the infection patterns are extremely robust across models and parameters. In complex con-
tagion models instead, in which multiple interactions are needed for a contagion event, non-
trivial dependencies on models parameters emerge, as the infection pattern depends on the
interplay between pairwise and group contagions. In models involving threshold mecha-
nisms moreover, slight parameter changes can significantly impact the spreading paths.
Our results show that it is possible to study crucial features of a spread from schematized
models, and inform us on the variations between spreading patterns in processes of differ-
ent nature.

Author summary

Contagion processes, representing the spread of infectious diseases, information, or social
behaviors, are often schematized as taking place on networks, which encode for instance
the interactions between individuals. We here observe how the network is explored by the
contagion process, i.e. which links are used for contagions and how frequently. The result-
ing infection pattern depends on the chosen infection model but surprisingly not all the
parameters and models features play a role in the infection pattern. We discover for
instance that in simple contagion processes, where contagion events involve one connec-
tion at a time, the infection patterns are extremely robust across models and parameters.
This has consequences in the role of models in decision-making, as it implies that numeri-
cal simulations of simple contagion processes using simplified settings can bring impor-
tant insights even in the case of a new emerging disease whose properties are not yet well
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known. In complex contagion models instead, in which multiple interactions are needed
for a contagion event, non-trivial dependencies on model parameters emerge and infec-
tion patterns cannot be confused with those observed for simple contagion.

Introduction

Contagion processes pervade our societies. Examples include the spread of infectious diseases,
both through contacts between hosts and following their mobility patterns, but also informa-
tion diffusion or the propagation of social behavior [1-6]. Modeling of these processes often
includes a description of the interactions among the hosts as a network, in which nodes repre-
sent individuals and a link between nodes correspond to the existence of an interaction along
which the disease (or information) can spread. In the resulting field of network epidemiology
[4, 6, 7], many results have been obtained for the paradigmatic models of diffusion processes,
in which the hosts can only be in a few possible states or compartments, such as susceptible (S,
healthy), infectious (I, having the disease/information and able to transmit it), or recovered (R,
cured and immunized) [1, 2]. These results concern mainly the context of models aimed at
describing the spread of infectious diseases, represented as so-called simple contagion pro-
cesses: namely, processes in which a single interaction between a susceptible and an infectious
can lead to a transmission event [1, 6]. In this context, many studies have provided insights
into how the structure of the underlying network influences the spread and impacts the epi-
demic threshold (separating a phase in which the epidemic dies out from one in which it
impacts a relevant fraction of the population), and how various containment strategies can
mitigate the spread [4, 6].

Fewer results concern the detailed analysis of the process dynamics and spreading patterns,
despite its relevance [8]. In particular, the reverse question of whether different processes lead
to different or similar infection patterns has barely been explored. At the population level, a
robustness of the shapes of the epidemic curves has been observed for various spreading mod-
els [9, 10] and contact networks [11]. In heterogeneous networks, it has also been shown that
simple contagion spreading processes first reach nodes with many neighbours, and then cas-
cade towards nodes of smaller degree [12-14]. Moreover, in the context of metapopulation
models, in which each node of the network represents a geographic area and hosts can travel
between nodes on the network, possibly propagating a disease, the heterogeneity of travel pat-
terns has been shown to determine dominant paths of possible propagation at the worldwide
level [8, 15, 16], allowing for instance to provide predictions for the arrival time of a pandemic
in various parts of the world [17, 18].

In addition, while these results concern simple contagion processes, it is now well known
that such models might not be adequate to describe some contagion mechanisms, such as
social contagion of behaviors. Empirical evidence has led to the definition and study of models
of complex contagion [3, 19]: in these models, each transmission event requires interactions
with multiple infectious hosts. In particular, models involving threshold phenomena [20] or
group (higher-order) interactions [21] have been put forward, but results concerning the detail
of their propagation patterns are scarce [14, 22].

Opverall, most results on propagation patterns concern simplified models with few compart-
ments (such as the susceptible-infected-susceptible (SIS) and susceptible-infected-recovered
(SIR)) and simple contagion processes. The question arises thus of their applicability to more
realistic models and to other types of spreading processes, and of the possibility to directly
apply them in concrete cases. Here we contribute to tackle these issues by investigating
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spreading patterns for different types of contagion models on networks and hypergraphs and
by addressing the following questions: how general are the propagation patterns observed in
these models, and are they similar in more realistic models with compartments including
latent individuals, asymptomatic cases, etc? How well do propagation patterns of simple conta-
gion inform us on complex contagion ones, and do the most important seeds or the nodes
most easily reached differ depending on the precise model or type of contagion?

To this aim, we consider the infection network of a process [8], which gives the probability
of a node to be directly infected by another one, averaged over realizations of the process, and
generalize it as well to complex contagion models. We compare the resulting patterns within
each model as its parameters change, between different models of simple contagion and
between different types of contagion processes. We first find an extreme robustness of the con-
tagion patterns across models of simple contagion. These patterns slightly depend on the
reproductive number of the spread, but are almost completely determined by the final epi-
demic size. This indicates also that one can define spreader and receiver indices to quantify a
node’s tendency to contaminate or be contaminated by its neighbours: these indices are largely
independent of the specific disease model and can thus be computed on simple cases with arbi-
trary parameters. The situation changes when models of complex contagion are considered.
On the one hand, patterns of contagion turn out to be less robust in threshold models. On the
other hand, they depend on the interplay between pairwise and group processes for models
involving higher-order interactions.

Results
General framework

We consider the context of network epidemiology, i.e., of spreading processes on a weighted
network where nodes represent the hosts and weighted links between the hosts correspond to
contacts along which a disease can spread, with probability depending on the link weight [6].
Specifically, the weighted networks we will use to perform numerical simulations of spreading
processes are empirical networks obtained by temporally aggregating time-resolved data
describing contacts between individuals in various contexts [23-25], where the weight W;
between two individuals i and j is given by their total interaction time (see Methods).

On these networks, we will first consider several models of simple contagion, in which each
node can be in several states such as susceptible, latent, infectious, and recovered, and an infec-
tious node can transmit the infection to a susceptible neighbour with a certain probability per
unit time. We will consider models with different sets of states, corresponding both to very
schematic and to more realistic situations, and both Markovian and non-Markovian processes.
On the other hand, we will consider a model of complex contagion that involves higher-order
contagion mechanisms, i.e., interactions among groups of nodes [21]: This model describes
the fact that the probability of a contagion event can be reinforced by group effects, and is
defined on hypergraphs [26] in which interactions can occur not only in pairs but also in larger
groups. It has indeed been shown that the inclusion of such effects leads to an important
phenomenological change, with the emergence of a discontinuous epidemic transition and of
critical mass phenomena. Finally, we will also consider so-called threshold models [20], in
which a susceptible node becomes infected when the fraction of its interactions spent with
infected neighbors reaches a threshold 6, to mimic the fact that an individual may adopt an
innovation only if enough friends are already adopters. All models and their parameters are
described in detail in the Methods section, and their mechanisms are sketched in Fig 1.

For each given spreading model and propagation substrate (network or hypergraph), we
perform numerical (Monte Carlo) simulations of the spread at given parameter values, starting
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Fig 1. Sketch of the models of contagion considered. In all sketches, black nodes represent infectious hosts, empty
nodes are susceptible, and colored nodes represent the hosts that can be contaminated by the infectious ones. Left:
Simple contagion on weighted graphs. Contagion events occur along the network edges, with probability per unit time
given by 8 multiplied by the weight W; of the edge (i, ) between a susceptible and an infected node. Center: Simplicial
model on weighted hypergraphs. Contagions can take place both along network edges (rate SW;;) and if a susceptible
node i is part of a group (i, j, k) with j and k both infectious (rate f, Wi?k, with WUA.,‘ the weight of the hyperedge (i, j, k)).
Right: Threshold model on weighted graphs. A susceptible node becomes infected when the sum of the weights of its
connections with infected nodes, divided by the total weight of its connections, exceeds a threshold 6.

https://doi.org/10.1371/journal.pcbi.1012206.9001

from a single infectious seed taken at random in the network, while all other nodes are suscep-
tible (see Methods). The infection pattern of the model is then the weighted and directed graph
C such that Cj; is the probability (averaged over 1000 realizations of the spread) that node i
infected node j [8, 16]. In practice, it is obtained from the numerical simulations, by counting
all the direct infectious events from i towards j among all runs, and dividing by the number of
runs. The infection pattern hence represents the signature of an epidemic, highlighting the
paths that are taken by the contagion process with a higher probability. C was defined for
metapopulation models [8, 16] as the probability for a contagion to arrive in a geographical
area from another one. Here we consider the case instead in which nodes represent hosts;
moreover, this definition needs to be generalized in the case of complex contagion processes
where the contagion of a node originates from several others, as described later. We first note
that a non-zero Cj; > 0 can be obtained if and only if there exists an interaction between i and j
in the weighted network; moreover, one can expect that the probability C;; of i infecting j
depends on the weight W; of their connection. However, it also depends on the probability of
i to be infected in the first place, to be infected before j, and of j not to be infected through
another interaction. Overall, one can thus expect C;; to depend on non trivial properties of the
network topology and not only on the weight of the link between i and j. In particular, even if
the interaction weights are symmetric, this is not a priori the case for the infection pattern: the
network defined by the matrix C;; is directed. This is shown in Fig 2 for a toy network, where
the largest values of Cj; do not correspond to the largest link weights. Once C is defined, we
can moreover use it to compute spreader and receiver indices for each node, respectively as s;
=2;Cjand r; = 3; Cj;, i.e., as the out-strength and in-strength of each node in the directed net-
work of the infection pattern.

It is worth noting here that C, and as a consequence also the spreader and receiver indices,
depend both on the specific model of spread and on its parameters. We will explore these
dependencies in detail in the following sections. In this exploration, we have considered, as the
support of the contagion models we investigate, data describing contacts between individuals
collected in a conference [27], a hospital [28], a workplace [27], a primary school [29] and a
high school [30]. The primary school contact data has been used in various studies to feed
numerical simulations of infectious diseases’ models [31-33] and entails rich intertwined
structural and temporal features such as groups of temporarily densely connected nodes and
alternating patterns of nodes being structured in groups or able to connect in a more global
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Fig 2. Simple contagion. Toy network illustrating the asymmetry of the infection pattern and its dissimilarity with the
adjacency matrix. The upper sketch shows the weighted adjacency matrix (links’ width proportional to their weights,
nodes’ size proportional to their weighted degree). The lower sketch represents the infection pattern for a simple SIR
contagion with R, = 2 (averaged over 500 simulations). For each connection only the direction with higher probability
of infection is shown and the arrows’ width is proportional to the probability. The nodes are colored according to their
spreader index.

https://doi.org/10.1371/journal.pcbi.1012206.9002

manner, as well as an important number of simultaneous group (higher-order) interactions
[29, 34-37]. We thus show in the main text the results obtained for this data set, and we show
the results for the other data sets in the S1 Text.

Simple contagion

We consider several models of simple contagion, characterized by different sets of possible
states for the hosts and various types of dynamics between states. The simplest is the Suscepti-
ble-Infected-Recovered (SIR) model, in which a susceptible individual i (S) can become
infected (I) with rate SW;; when linked with another infected individual j by an edge of weight
Wi; (see Fig 1). Infected 1nd1v1duals then spontaneously become recovered (R) with rate y; and
cannot participate in the dynamics anymore. The most studied extension of this model is the
SEIR one, in which susceptible individuals become exposed (E, not yet contagious) with rate
upon contact with an I individual, before becoming infected. In both SIR and SEIR, we con-
sider on the one hand fixed rates of transition from the I to the R state and from the E to the I
state; the times that an individual spends in the E and I states, resp. 7 and 7;, are then expo-
nentially distributed random variables (with averages given by the inverses of the transition
rates). A more realistic dynamical process is obtained by a non-Markovian dynamics between
these states, in which 7z and 7; are random variables taken from Gamma distributions with
given mean and standard deviation. As both SIR and SEIR remain generic models, we also
consider a more elaborate model designed to represent the propagation of COVID-19, in
which individuals can be exposed and not contagious, pre-symptomatic but already infectious,
infectious but asymptomatic, or infectious and symptomatic [13, 33]. These models and their
parameters are described in more detail in the Methods section.

For each model and network, once the parameters of the spontaneous transitions are fixed,
it is possible to adjust the contagion rate f to obtain a specific value of the reproductive

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 5/20


https://doi.org/10.1371/journal.pcbi.1012206.g002
https://doi.org/10.1371/journal.pcbi.1012206

PLOS COMPUTATIONAL BIOLOGY Infection patterns in simple and complex contagion processes on networks

number R, defined as the expected number of cases directly generated by one initial infected
individual in a population where all other individuals are susceptible to infection [1]. For each
model and parameter value, we compute the infection pattern C and the spreader and receiver
indices of each node as explained above.

As expected and anticipated in the toy example of Fig 2, we find that the matrix C is asym-
metric, and we show the similarity of its elements with the weighted adjacency matrix of the
underlying network in the Section A of S1 Text. We then compare in Fig 3A the infection pat-
terns C obtained in different simple contagion models, calibrated so as to correspond to the
same value of Ry. The comparison is performed by computing the cosine similarity between
the lists of elements of the matrices C obtained in the various cases (see Methods for the defini-
tion of cosine similarity). Even at fixed Ry, each model entails a different time evolution of the
epidemic (see Section B in S1 Text) with a different spreading velocity, and also different com-
partments, so corresponds to a different general process. One could hence suppose that the
infection pattern could also be largely different from one model to the next. However, Fig 3A
highlights how the infection patterns are actually extremely similar across models, with simi-
larity values above 0.98. Hence, the probability for each network link of being used for a conta-
gion event is largely independent of the specific contagion model considered (at given Ry),
despite the differences in their temporal evolution. In other words, contagion paths are not
only stable within one model [16] but also across models. In the following analysis, we will
thus focus on the simplest SIR model.

A B
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Fig 3. Simple contagion. A: Cosine similarity between the infection patterns of different models of simple contagion,
simulated with the same R, = 2.5 (see Methods for the description of the models). B: Cosine similarity between the
infection patterns obtained at varying R, for the SIR model of simple contagion. C: Cosine similarity between infection
patterns at varying R, for the SIR model, with infection patterns computed only using runs with final attack rate
between 0.75 and 0.85. D: Same as C but using runs with final attack rate between 0.5 and 0.6. E: Same as C but using
runs with final attack rate lower than 0.2. The results in panel C have been obtained by comparing, for each value of Ry,
infection patterns obtained by averaging over 1000 simulations with final attack rate a in the chosen range. For panels
D and E the number of simulations to average on has been increased to 10000 and 50000, respectively. Indeed, smaller
values of a mean that less nodes and links are involved in each run, so that one needs to average over more runs to
compute the infection probability for each link.

https://doi.org/10.1371/journal.pchi.1012206.9003
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Fig 3B reports the cosine similarity between matrices C obtained with the SIR model at
varying R,. Interestingly, although the similarity values are very large, they are lower than
between models at fixed Ry, revealing a weak dependency of the infection patterns on R,. To
understand this point further, it is worth reminding that, while R, largely determines the initial
velocity of the spread, the contagion process remains stochastic, and simulations with a fixed
R can lead to different final attack rates, i.e., final values of the density of recovered individuals
once the spreading process is over, i.e., once no contagion can take place any longer (we show
in the Section E of S1 Text the resulting distributions of final attack rates for several values of
Ry). We thus consider the infection patterns at different values of R, but at fixed final attack
rate. To this aim, we need to consider compatible ranges of R, and final attack rates, i.e., a
range of attack rates that can be reached at all the values of R, used. We report in Fig 3C the
analogous of Fig 3B, but where the matrices C have been computed taking into account only
the simulations with a final attack rate between 0.75 and 0.85 (as shown in the S1 Text, such
final attack rates are reached by a non-negligible fraction of the runs for Ry between 1.65 and
3). The similarity values become larger than 0.99, suggesting that the infection pattern of a
spreading model mostly depends on its average final attack rate. To check the generality of this
result, we extend this investigation to two other ranges of final attack rates in Fig 3D and 3E,
namely 0.5 — 0.6 and 0 — 0.2 (note that, to obtain enough simulations with final attack rates
between 0.5 and 0.6, we need to consider lower values of R;). We obtain also in theses cases
very high values of the similarity.

Such results moreover lead us to an additional investigation, based on two simple points: (i)
the final attack rate is an increasing function of R, and (ii) for a given R, the average attack
rate is a continuously increasing function of time, which thus passes through the values of the
final attack rates obtained with lower values of Ry. The question arising is thus the following;: if
we consider, for a large Ry, the time-dependent infection patterns C(t) (obtained by averaging
on all infection events up to ), are the matrices C(¢) similar to the final infection patterns
obtained with lower values of R,?

We investigate this issue in Fig 4 through the following procedure. First, we consider as ref-

erence an SIR model with R} = 4, and perform 1000 simulations of this model. At each time,
we build the time-dependent C,((f) by averaging on all the contagion events occurred in these
1000 simulations up to t. Second, we consider several lower values of Ry, namely R, € {1.5, 2,
2.5, 3, 3.5}, perform 1000 simulations for each value, and compute the resulting infection pat-
terns C, . The top panel of Fig 4 displays the similarity between the time-dependent infection
pattern for Ry = 4, C,.(t), and the final infection patterns obtained with the lower values of R,
Cy,- Each such similarity goes through a maximum (with large values above 0.98) as a function
of time, and this maximum is obtained when the time-dependent attack rate of the reference
process (Rg = 4) is almost equal to the final attack rate of the process at lower Ry, as seen in the
middle panel of Fig 4.

More precisely, the 1000 simulations of the reference model yield a distribution of attack
rates at each time ¢ (displayed in black in the bottom panels of Fig 4 for five different times).
These distributions are typically bimodal and the location of the non-zero mode for each time
is plotted in the middle panel of Fig 4 (black curve). The colored dots correspond instead to
the non-zero modes of the distributions of final attack rates for the lower R, values (full distri-
butions shown by the colored curves in the bottom panels, obtained as well with 1000 simula-
tions of the model for each Ry). The y-value of each coloured dot is reached by the black curve
in the middle panel at the same time as the maximum of the corresponding similarity curve in
the top panel. Note that the fact that the similarity between C,.(f) and C, does not reach 1

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 7/20


https://doi.org/10.1371/journal.pcbi.1012206

PLOS COMPUTATIONAL BIOLOGY Infection patterns in simple and complex contagion processes on networks

1.000

()

0.975

ref,

Similarity s(cj;, ]

if

0.9501
0.9254//,

0.900 1

© 9
o

o
»

Attack rate

o
IN)

0.5
0.251 \ : 0.5
t=29//\ | |\ t=42
0.01 0.00 4 Ll o0.0
0 1: 0 1
a a
025 0= R 0 l
t= 2.4 N -
o.oo-‘-—’/ \ 0.0-\ Lo
0 1 0 1
a a

Fig 4. Simple contagion. Comparison, for the SIR model, between a reference Ry = 4 and five testing parameter values
(Ro from 1.5 to 3.5). Each curve in the upper panel represents the similarity in time between the temporal infection
pattern C,((t) of the reference and the infection pattern Cg, of each testing parameter. C,,((t) is computed by
averaging, over 1000 numerical simulations of the SIR model at R, = 4, the contagion events occurring until . C is
instead obtained by averaging all contagion events of 1000 numerical simulations of the SIR model at R,. The middle
panel shows as a black curve the temporal evolution of the non-zero mode of the distributions of attack rates of the
reference spread, also computed over all 1000 simulations at Ry = 4 and at each time. The colored dots show, for each
Ry € {1.5,2,2.5, 3, 3.5}, the value of the non-zero mode of the final attack rate distribution, computed over 1000
simulations at each Ro. The corresponding attack rate distributions are shown in the smaller panels below.

https://doi.org/10.1371/journal.pcbi.1012206.9004

can be explained by the fact that the distributions of time-dependent and final attack rates do
not coincide completely.

In other words, at each time step ¢ of a contagion process with a high R, the partial infec-
tion patterns, which describe the contagion probability of each connection until ¢, are
extremely similar to the full infection patterns of a process with a lower value of R,. Vice-versa,
this also means that the infection patterns of processes with low R, can be approximated
extremely well by using a single process at large R, and computing its time-dependent infec-
tion patterns.
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We finally also show in the S1 Text that the range of values of the spreader and receiver
indices depend on the reproductive number Ry, but the ranking of nodes by these indices is
very robust across models and across values of Ry. Moreover, when fixing the attack rate, the
ranges of values become equivalent even for different R, and the ranking of nodes becomes
almost independent of Ry, showing that also this ranking is almost completely determined by
the attack rate, and in any case very robust across parameter values. Overall, our results indi-
cate an extreme robustness of the infection patterns across different models of simple conta-
gion, despite their diversity in the sets of possible states for the hosts and of dynamical
transition rules. Moreover, while the infection pattern does depend (very) slightly on the
model parameters, it is almost completely determined by the final attack rate of the process.
This result is not valid for complex contagion processes, as we will see in the next sections.

Simplicial contagion

Let us now consider a model of complex contagion in which the propagation can occur both
on the links of the network, as in the case of simple contagion, but also on higher order
(group) interactions, namely the simplicial contagion model [21], generalized here to weighted
hypergraphs. As in [21], we limit ourselves for simplicity to contagion processes on first and
second order interactions (pairs and triads), neglecting structures of higher orders, which will
only appear as decomposed into links and triangles. We consider a SIR model, where a suscep-
tible host i can receive the infection (i) with rate 8 W;; when sharing a link of weight W;; with
an infected host j, and (ii) with rate 8, W%, when part of a group i, k, [ of three interacting
nodes such that both k and ! are infected (W}, being the weight of the hyperedge (i, k, 1), see
Methods and Fig 1). As in simple contagion models, infected nodes recover spontaneously—
we consider here a fixed recovery rate ;.

As contagion events can occur both through links and triads, we here need to generalize the
computation of C by defining the number of infection events from i to j, n; ., as follows: if j is
infected by i in a pairwise interaction, #; _, ;is incremented by one; if instead j is infected
through a triadic interaction with i and [ who are both infected, i and ! play an equivalent role
in this contagion event, and thus we divide the “responsibility” of the event equally among
them: both #;_,;and »; _, ; are incremented by 1/2. Cj; is finally the ratio of n;_,; to the number
of numerical simulations considered.

While there is a one-to-one correspondence between R, and the infection rate 3 in the case
of simple contagion (the other parameters being fixed), a given R, could here correspond to
various pairs (f, B). We thus compare the infection patterns obtained when varying both
parameters in Fig 5A, going from a situation in which the contagion events occur mostly on
triads to one in which they occur mostly on links (as shown in Fig 5B). These different ratios
between the two parameters f3 and 3, given they yield different relative abundances of the two
types of infection (simple vs complex), can be expected to give rise to different infection pat-
terns. The similarity values obtained remain however high, even between the most extreme
cases (very different relative values of the numbers of infections in pairs and triads). We show
in the S1 Text results concerning the receiver and spreader indices and the subsequent ranking
of nodes: similarly to the case of simple contagion, the ranking of nodes are very robust across
parameter values, even if the range of values taken by the indices change. This can be explained
by the observation that, in social networks, higher order interactions and pairwise ones largely
overlap, i.e., nodes connected in groups with large weights are typically also connected by links
with large weights (see Section C in S1 Text). The infection patterns on pairwise links and on
triads thus also overlap. In fact, the similarity between the infection patterns of the simple SIR
contagion process and the simplicial one, shown in Fig 5E at varying R, (of the simple
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Fig 5. Simplicial contagion. A: Cosine similarity between infection patterns at varying different combinations of 3|
and 5. B: Number of contagions taking place via first and second order simplices in the simulations of the previous
panel. C; is the infection pattern matrix obtained considering only infections taking place via pairwise links and C, is
the analogous for triads infections, with C; + C, = C. In the plot we report the sum of all elements of the matrices
2;(Cy);j and X;(Cy)y5, which give the respective fractions of contagion events of each type. C: Cosine similarity between
infection patterns at varying different combinations of 8 and 5, when computing the infection patterns using only
simulations with attack rate between 0.6 and 0.7. D: Number of contagions taking place via first and second order
simplices in the simulations of the previous panel. E: Cosine similarity between infection patterns of simplicial
contagion (for the same range of values of | and 84) and simple contagion (for different values of Ry).

https://doi.org/10.1371/journal.pcbi.1012206.9005

contagion) and parameters (5}, B5), are also high, especially when the pairwise contagion
events dominate in the simplicial model.

An interesting distinction with the case of simple contagion is however revealed in Fig 5.
Namely, while the infection pattern of a simple contagion process is almost completely deter-
mined when fixing its final attack rate (see Fig 3), this is not the case for the simplicial one. We
show indeed in Fig 5C the similarity between infection patterns at different values of the
spreading rates, but when these patterns are computed using only simulations with a given
final attack rate. In contrast to the case of simple contagion, constraining the attack rate does
not change the similarity values, which remain similar to the ones observed in Fig 5A. This is
clearly due to the fact that the same attack rate can be obtained through very different relative
numbers of pairwise and higher order infection events (Fig 5D). The differences between sim-
plicial contagion infection patterns at different parameters measured in Fig 5A are thus mostly
due to the differences in the combination between the two competing processes at work in this
model (first-order vs. second-order contagions).

The simple and simplicial models entail fundamentally different contagion mechanisms,
leading to different physics and different types of phase transitions, including critical mass
phenomena [21, 26]. Here indeed, the differences in infection patterns are driven by the differ-
ences between pairwise and higher order contagions. However, the resulting infection patterns
remain very similar in our simulations, which is probably largely due to the fact that, in the
empirical data we consider, links and higher order hyperedges largely overlap, with correlated
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weights (see S1 Text and [38]) so that both simple and higher order mechanisms tend to use
the same infection routes. We confirm this hypothesis in the S1 Text by showing that, if corre-
lations between the weights of links and higher order hyperedges are removed, the similarity
between the infection patterns of simple and simplicial contagion notably decreases.

Threshold contagion

We finally investigate the infection patterns resulting from a model of complex contagion
driven by threshold effects on a network: in this model [20], a susceptible node can become
infected (deterministically) only if the fraction of its neighbors that are infected overcomes a
certain threshold 6, the parameter of the process (see Fig 1). In the generalization of this model
to weighted networks, a susceptible node becomes infected when the weight of its connections
with infected nodes divided by the total weight of its connections exceeds the threshold. We
moreover introduce a recovery parameter y; as in the previous cases, in order to obtain an SIR
model as well. As in the simplicial model, the infection of a node i is typically due to more than
one other node. We thus generalize the computation of the infection pattern C similarly to the
previous case: if i becomes infected because k of its neighbours iy, i5, . . . i are infected, each C,

is incremented by W, ,/ S W,
We compare the infection patterns of this model at various values of the parameter 8 in Fig

6A. Interestingly, the values of the cosine similarity between patterns are still high, but typically
much lower than in the previous cases, suggesting that the parameter 6 plays a stronger role in

i.e., by the relative contribution of i, to the infection event.

determining the infection pattern than § (or Ro) in simple contagion processes (see S1 Text for
results on the receiver and spreader indices). This can be understood by the following argu-
ment: in simple contagion, all existing paths on the network can potentially support a conta-
gion; on the other hand, changing the value of 8 corresponds to allowing some infection
patterns and impeding others, as it can change the number of infected neighbors needed to
infect a given node. Smaller values of & imply an easier and faster infection of nodes, while
larger values only allow contagion of nodes connected with many infected, thus constraining
infection to follow more specific patterns.

In Fig 6B we also compare the infection patterns of the threshold contagion model with the
ones of simple contagion, showing that the two processes are characterized by rather different
infection patterns. The similarity is higher for larger values of 6: as 6 becomes large, the condi-
tion needed for the infection of a node i becomes stricter and can be fulfilled only if the neigh-
bours j to which i is linked by its largest weights are infected. Thus, the infection pattern
becomes closer to the one of a simple process.

In general, the infection patterns for the threshold model show a higher parameter depen-
dency with respect to the simple models. However, the values of the similarities between
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Fig 6. Threshold contagion. A: Cosine similarity between infection patterns at varying 6. B: Cosine similarity between
infection patterns of threshold contagion (for different values of 6) and simple contagion (for different values of Ry).

https://doi.org/10.1371/journal.pchi.1012206.9006
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infection patterns obtained in Fig 6 remain rather high, typically above 0.7. This is due to the
fact that in all cases the infection patterns largely depend on (and are correlated with) the
underlying weighted adjacency matrix (see Section A in S1 Text).

Discussion

We have here investigated the infection patterns of various models of contagion processes on
networks, using as substrate several empirical networks of contacts between individuals. In
particular, while it is well known that the network structure impacts the spreading patterns,
the question of how these patterns depend on the type of model considered (e.g., schematic or
more realistic set of compartments, Markovian dynamics or more realistic transitions), on a
model’s parameters, or on the type of spreading process considered (i.e., simple vs. complex
contagion) has been much less considered. Understanding these issues has however important
consequences in the articulation between modeling and decision making, as modeling and
theoretical investigations often focus on simple models with arbitrary parameters, while one
could argue that decision making should be based on models as realistic as possible. Here, we
have shed light on these questions by investigating the infection patterns, defined as measuring
for each connected pair of nodes of the network the probability that an infection event occurs
from one to the other [8, 16].

We have obtained results along four main directions. First, we have shown that these pat-
terns are extremely robust in models of simple contagion. This robustness is in agreement
with previous results obtained each within one specific model, such as the existence of a pat-
tern of cascading dynamics from hubs towards less connected nodes in paradigmatic models
of spread [12, 13, 39], or the possibility to define epidemic pathways making the spreading pat-
tern of a disease on a network quite predictable [8, 15, 16]. These results also rationalize the
fact that arrival times of a disease spread on a network can be obtained from purely topological
measures [17]. We here extend however significantly previous literature by generalizing the
robustness across a large ensemble of possible models typically used to describe the evolution
of infectious diseases, even if they differ in the compartments used, in the parameters and, as a
result, in the resulting dynamics timescales. In particular, within one model the spreading pat-
terns slightly depend on the reproductive number but are almost fully determined by the final
attack rate.

Second, the infection patterns also allow us to define a receiver and a spreader indices for
each node, which give a ranking of nodes according to their relative risk of becoming infected
during the spread and to spread to other nodes. The corresponding ranking of nodes is also
very robust across models and parameters. Interestingly, this result gives support to, and puts
on a firmer ground, a wealth of previous literature using topological centrality measures to
predict epidemic sizes or to determine which nodes would be the best “sentinels” (i.e., nodes
easily reached by a disease and hence to monitor more closely in a surveillance program).
Most such studies indeed use very simple spreading models with often arbitrary parameters
[40-44], and our results explain why correlations between a topological centrality and mea-
sures of epidemic impact are robust against parameter changes [45], making it indeed possible
to limit such studies to a restricted set of models and parameters.

Third, we have generalized the infection patterns to complex contagion processes (typically
used to describe social contagion) in which each contagion event can involve several infecting
nodes. We have observed that the infection patterns are then less robust; in models where sim-
ple and complex contagion events can co-exist, the robustness of patterns and their similarity
to the case of simple processes depends on the ratio between events of simple and complex
contagions. In a threshold-based model, patterns differ more across parameter values. Fourth,
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the similarity between the averaged infection patterns discussed here remains in all cases
rather high, even between contagion processes of different nature. Both these results concern-
ing complex contagion spreading patterns constitute a major new contribution to the litera-
ture, as we are aware of almost no result on this topic. Notably, the observed high similarity
might at first glance seem to contradict a previous contribution, which showed that observing
the propagation patterns of single processes makes it possible to distinguish between processes
based on simple contagion, higher-order contagion, or threshold processes [14]. However, we
consider here averages, which are indeed all correlated with the matrix of link weights describ-
ing the network, while [14] considered individual single realizations; moreover, the fact that
spreading patterns are similar does not mean that they are indistinguishable, and indeed the
results of [14] relied on machine learning techniques trained on a well-chosen set of features
to manage to perform the distinction between different types of processes.

Our results have interesting implications that can impact our way of thinking about and
performing numerical simulations of spreading processes for decision-making purposes. First,
the extreme robustness of the spreading patterns for models of simple contagion implies that
simulations of very schematic models with arbitrary parameters carry an enormous amount of
information on the dynamics of spreading processes with apparently much more complicated
dynamics. It is also possible to use these schematic models to provide a ranking of the risk of
nodes to be reached, or of their spreading power: this ranking will indeed remain remarkably
accurate for different processes. This is very important as, when a new disease emerges, it is
initially difficult to estimate its parameters and sometimes even the types of compartments
that should be taken into account in its modeling. Even in such cases, simulations with simpli-
fied models can thus bring interesting initial insights.

Second, even if single instances of simple and complex contagion processes present differ-
ences [14], it is also noteworthy that, when considering average infection patterns, their simi-
larity remains high. Schematic simple contagion models can thus still be used to obtain
information on the patterns of a social contagion process, and on the ranking of hosts in terms
of their probability to be reached or their ability to propagate. However, the uncertainty on
such ranking is higher than with simple contagion processes if the precise mechanism deter-
mining the propagation (e.g., depending on a threshold, or implying group effects) and the
corresponding parameters are unknown.

Third, the stronger dependency of complex contagion processes on models and parameters
implies the need for additional tools to determine whether an observed contagion process is
determined by simple or complex contagion mechanisms. A first step in this direction was per-
formed in [14], but more investigations, especially on real (social) contagion data, are desir-
able. Moreover, as the infection patterns depend on the ratio of contagion events occurring in
pairwise events or in larger group, data collection efforts should explicitly target the measure
of group interactions and not be restricted to pairwise representations of the system under
scrutiny, in order to correctly inform models.

Our work has limitations worth mentioning, which also open some avenues for future
work. The set of networks on which we have performed our investigation corresponds to
diverse contexts of empirical contacts and thus entails a variety of complex interaction pat-
terns, but remains limited. It would be interesting to extend our study to synthetic (hyper)net-
works where the distributions of degrees and of group sizes and the overlap between dyads
and triads could be controlled. Our work also deals with static networks, and could be
extended to temporal networks, especially as the propagation paths and infection risk might
then be measured during a certain period while the propagation could then take place at
another time [46, 47]. Finally, the infection patterns could also be studied for other models of
complex contagion (including contagion events in groups of arbitrary sizes [48]).
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Table 1. Simple contagion model parameters.

Methods
Models of simple contagion

We consider three different epidemic processes, all of them agent-based compartmental mod-
els, i.e., in which each agent (represented by a node of the network) can pass through a finite
set of possible compartments describing the evolution of a disease.

In the SIR model, a susceptible node i (in compartment S) can become infected (changing
compartment to I) by contact with one of its neighbors on the network j. This transition takes
place with rate SW;;, where B is the infection rate, a free parameter of the model, and Wj; is the
weight of the connection between i and j. Each node will then recover (becoming R) indepen-
dently at rate y;, another free parameter. We note that, as we consider processes occurring on
static networks, rescaling all parameters by the same factor does not change the dynamics but
only sets a global time scale. We thus consider for simplicity parameters of order 1 in all cases.

The SEIR model is similar to the previous one with the addition of one state: exposed (E).
Newly infected individuals first enter the exposed (non-infectious) state and, with a rate y,
they transition to the infectious state. Again, they will recover at rate y;. We consider three ver-
sions of SEIR models: SEIRel, SEIRe4, and SEIRi4, which only differ by the values of their
parameters, which are given in Table 1. SEIRel is a baseline in which all rates are equal, and in
each varjation we change one of the parameters by a factor 4, making the average duration of
the corresponding state four times longer (for instance in SEIRe4, a node spends on average
four times more time in the exposed state than in the SEIRel version), so that these average
durations differ significantly in the different models, but do not change order of magnitude
(which would be unrealistic).

In both SIR and SEIR, the recovery rate y;and the exposed-to-infected rate ug are constant,
implying that the times spent by an agent in the infected and exposed states are random vari-
ables drawn from exponential distributions with respective averages 7;= 1/yyand 7 = 1/ug
(which are thus gamma distributions with standard deviations oy = 7x with X = I, E). Instead
of constant rates, we can also consider times in the E and I states distributed according to

SIR model
Hr
SIR 0.25
Markovian SEIR models
HE NEe Hr m
SEIRel 1 1 1 1
SEIRe4 0.25 1 1 1
SEIRi4 1 1 0.25 1
Non-Markovian SEIR models
HE NE W Ui
SEIRelv025 1 0.25 1 0.25
SEIRe4v025 0.25 0.25 1 0.25
SEIRi4v025 1 0.25 0.25 0.25
COVID model
T + 0g T, %0, EXY1 Pe Ty [
COVID 4+23 1.8+ 1.8 5+2.0 0.5 0.55 0.55

https://doi.org/10.1371/journal.pcbi.1012206.t001
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gamma distributions with averages 75 = 1/yg and 7; = 1/y; and standard deviations oy = nx7y
with 77 # 1, thus obtaining non-markovian models. We consider the extension of the three ver-
sions of the SEIR model (SEIRel, SEIRe4, and SEIRi4) to this non-markovian framework,
namely SEIRe1v025, SEIRe4v025, and SEIRi4v025. In these models, the average durations 17
and 7 are the same as in the Markovian versions, but the standard deviations are reduced by a
factor 4 with respect to the Markovian cases: this yields clearly different distribution of the
durations of the states with respect to the Markovian case, without going to extreme, unrealis-
tic cases (see Table 1).

We also consider the COVID model describing the propagation of SARS-CoV2 used in [13,
33]. In this model, when a susceptible agent is contaminated it transitions to an exposed state
followed by a pre-symptomatic infectious state, remaining in these states for times extracted
from gamma distributions with respective averages 75 and 7, and standard deviations o5 and
0,. Then individuals can either evolve into a sub-clinical infection or manifest a clinical infec-
tion, with respective probabilities 1 — p. and p.. The duration in the infectious state is extracted
from a gamma distribution with average 7 and standard deviation o;. An individual i in the
infected states (pre-symptomatic, sub-clinical or clinical) can transmit the disease to a suscep-
tible individual j when in contact with it with respective rates of transmission r,8Wj, r,.8W,
and BW;;. We use here the same parameter values as in [13, 33].

Table 1 shows the values for the different parameters used in these models. Moreover, in all
cases, the parameter S is tuned to obtain a desired specific value for the basic reproductive
number Ry, as detailed in the next section.

Reproductive number and calibration of the simple contagion models

The reproductive number, Ry, is defined as the average number of cases directly generated by
one infected individual in a population where all the others are susceptible. In detail, each sim-
ulation begins with one random infected node i and we count all the neighbors of i that are
directly infected by it until i becomes recovered, obtaining a potentially different value in each
stochastic simulation. Averaging over these values at fixed parameters yields R,.

Specifically, we perform 1000 simulations for 20 values of 3 to obtain the corresponding val-
ues of Ry (ranging between 1 and 4) and thus a correspondence table between  and R,. For
each desired value of Ry, it is then enough to interpolate between the values in the table to
obtain the value of S needed in the simulations.

Data sets

We use high-resolution face-to-face empirical contacts data collected using wearable sensors
in different settings. The data sets are publicly available on the website http://www.
sociopatterns.org/datasets. Data sets are available as lists of contacts over time (with a temporal
resolution of 20 s) between anonymized individuals. The considered data sets are:

« Primary school, which describes the contacts among 232 children and 10 teachers in a pri-
mary school in Lyon, France, during two days of school activity in 2009 [49]. The school is
composed of 5 grades, each of them comprising 2 classes, for a total of 10 classes.

o Workplace, gathering the contacts among 214 individuals, measured in an office building in
France during two weeks in 2015 [27].

« Hospital, which describes the interaction among 42 health care workers (HCWs) and 29
patients in a hospital ward in Lyon, France, gathered during three days in 2010 [50].
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« High school, describing the contacts among 324 students of “classes préparatoires” in Mar-
seille, France, during one week in 2013 [51].

« Conference, which describes the interactions of 405 participants to the 2009 SFHH confer-
ence in Nice, France [52].

From the data to weighted graphs and hypergraphs

As explained in the previous section, the data sets we use describe temporally resolved interac-
tions between individuals. Each data set is provided as a list of interactions between individu-
als. Each element of the list corresponds to a time in which two individuals were registered as
in interaction. Each such interaction event is reported in the form “t i 7 where t indicates the
time, with a temporal resolution of 20 seconds, and i and j the involved individuals identifica-
tion numbers.

For each data set we obtain a weighted static network by aggregating over time as follows:

each individual involved in the data collection is represented by a node of the network;

« each pair of nodes (i,j) appearing in the list of events is represented as a link ij between nodes
iand j in the network;

« we denote by n;; the number of times that the pair (i, j) appears in the data set (the total con-
tact duration between the corresponding individuals is thus 7;; times 20 seconds);

« we compute the maximum of these numbers over all pairs of individuals, 71,4, = max;; n;;
« the weight of the link ij is given by n;/n,,,4..

We then use the weighted networks resulting from this procedure to simulate the spread-
ing models of simple and threshold contagion, in which contagion events involve only
links.

We moreover use the data sets to build weighted hypergraphs involving both links (hyper-
edges of size 2, or “first-order interactions”) and hyperedges of size 3 (so-called “second-
order interactions”, i.e., interactions between 3 nodes). We build the hypergraphs as in [21].
Namely, we first consider all the links of the weighted graphs obtained as above: these links
form the weighted hyperedges of size 2 of the hypergraph. To build the second-order interac-
tions, we first identify all the simultaneous interactions at each time ¢, obtaining so-called
“snapshot graphs”: the snapshot graph at time ¢ is simply the network of all interactions tak-
ing place at t. In each snapshot graph, we identify its cliques (sets of nodes all interacting
with each other) of size at least 3. For instance, if at f the interactions (i, j), (i, k), (j, k) are
present, then ijk is a clique at time ¢. If a clique of size larger than 3 is present, such as ijkl, we
decompose it into all the possible triads, here ijk, ijl, ikl, jkl. We then proceed as for the
weighted graphs, namely

« each triad ijk appearing at least in one snapshot becomes a hyperedge of size 3 of the
weighted hypergraph;

« we denote by 7;; the number of snapshots in which the triad ijk appears;

« we compute the maximum of these numbers over all triads of individuals, n?) = max, S

« the weight of the hyperedge ijk is given by n,, /n!) .

We use the resulting weighted hypergraphs in the numerical simulations of the simplicial
contagion processes.
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Cosine similarity

The cosine similarity cs(v, w) quantifies the similarity between two vectors v and w of the same
dimension n. It is defined as:
vV-w r VW,
cs(v,w) = = WZ” > : (1)
VI /30 v/ wh
It is bounded in [-1, 1]. It is equal to 1 when one vector is proportional to the other with a pos-
itive proportionality factor, and to 0 if they are orthogonal.

In order to measure the similarity between two infection patterns we generate two vectors
from the corresponding C matrices (concatenating all the rows of one matrix) and we apply
the definition of cosine similarity to the two resulting vectors. Since all the elements of C are
non-negative, the cosine similarity is here bounded in [0, 1].

Supporting information

S1 Text. Supporting information. Supporting information is provided in a separate pdf
file. It contains additional analyses on infection pattern, attack rate, spreader and receiver
index executed for the primary school dataset used in the main text and for additional data-
sets.

(PDF)

Author Contributions

Conceptualization: Diego Andrés Contreras, Giulia Cencetti, Alain Barrat.
Formal analysis: Diego Andrés Contreras, Giulia Cencetti.

Investigation: Diego Andrés Contreras, Giulia Cencetti, Alain Barrat.
Supervision: Alain Barrat.

Visualization: Giulia Cencetti.

Writing - original draft: Diego Andrés Contreras, Giulia Cencetti, Alain Barrat.

Writing - review & editing: Giulia Cencetti, Alain Barrat.

References

1. Anderson RM, May RM. Infectious Diseases of Humans: Dynamics and Control. Oxford: Oxford Uni-
versity Press; 1992.

2. Keeling MJ, Rohani P. Modeling infectious diseases in humans and animals. Princeton University
Press; 2011.

3. Centola D, Macy MW. Complex Contagions and the Weakness of Long Ties. American Journal of Soci-
ology. 2007; 113(3):702—734. https://doi.org/10.1086/521848

4. Barrat A, Barthelemy M, Vespignani A. Dynamical Processes on Complex Networks. Leiden: Cam-
bridge University Press; 2008.

5. Castellano C, Fortunato S, Loreto V. Statistical physics of social dynamics. Rev Mod Phys. 2009;
81:591-646. https://doi.org/10.1103/RevModPhys.81.591

6. Pastor-Satorras R, Castellano C, Van Mieghem P, Vespignani A. Epidemic processes in complex net-
works. Rev Mod Phys. 2015; 87:925-979. https://doi.org/10.1103/RevModPhys.87.925

7. Pastor-Satorras R, Vespignani A. Epidemic dynamics and endemic states in complex networks.
Physical Review E. 2001; 63(6):066117. https://doi.org/10.1103/PhysRevE.63.066117 PMID:
11415183

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 17/20


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012206.s001
https://doi.org/10.1086/521848
https://doi.org/10.1103/RevModPhys.81.591
https://doi.org/10.1103/RevModPhys.87.925
https://doi.org/10.1103/PhysRevE.63.066117
http://www.ncbi.nlm.nih.gov/pubmed/11415183
https://doi.org/10.1371/journal.pcbi.1012206

PLOS COMPUTATIONAL BIOLOGY Infection patterns in simple and complex contagion processes on networks

8. Piontti APY, Gomes MFDC, Samay N, Perra N, Vespignani A. The infection tree of global epidemics.
Network Science. 2014; 2(1):132-137. https://doi.org/10.1017/nws.2014.5

9. HengK, Althaus CL. The approximately universal shapes of epidemic curves in the Susceptible-
Exposed-Infectious-Recovered (SEIR) model. Scientific Reports. 2020; 10(1):1-6. https://doi.org/10.
1038/s41598-020-76563-8 PMID: 33168932

10. Keliger D. Universality of SIS epidemics starting from small initial conditions. Physica A: Statistical
Mechanics and its Applications. 2024:129843.

11. Bioglio L, Génois M, Vestergaard CL, Poletto C, Barrat A, Colizza V. Recalibrating disease parameters
for increasing realism in modeling epidemics in closed settings. BMC Infectious Diseases. 2016; 16
(1):1-15. https://doi.org/10.1186/s12879-016-2003-3 PMID: 27842507

12. Barthélemy M, Barrat A, Pastor-Satorras R, Vespignani A. Dynamical patterns of epidemic outbreaks in
complex heterogeneous networks. Journal of theoretical biology. 2005; 235(2):275-288. https://doi.org/
10.1016/j.jtbi.2005.01.011 PMID: 15862595

13. Contreras DA, Colosi E, Bassignana G, Colizza V, Barrat A. Impact of contact data resolution on the
evaluation of interventions in mathematical models of infectious diseases. J R Soc Interface. 2022;
19:20220164. https://doi.org/10.1098/rsif.2022.0164 PMID: 35730172

14. Cencetti G, Contreras DA, Mancastroppa M, Barrat A. Distinguishing Simple and Complex Contagion
Processes on Networks. Phys Rev Lett. 2023; 130:247401. https://doi.org/10.1103/PhysRevLett.130.
247401 PMID: 37390429

15. Colizza V, Barrat A, Barthelemy M, Vespignani A. The role of the airline transportation network in the
prediction and predictability of global epidemics. Proc Natl Acad Sci USA. 2006; 103:2015-2020.
https://doi.org/10.1073/pnas.0510525103 PMID: 16461461

16. Colizza V, Barrat A, Barthelemy M, Vespignani A. Predictability and epidemic pathways in global out-
breaks of infectious diseases: the SARS case study. BMC Medicine. 2007; 5:34. https://doi.org/10.
1186/1741-7015-5-34 PMID: 18031574

17. Gautreau A, Barrat A, Barthelemy M. Global disease spread: Statistic and estimation on arrival times. J
Theor Biol. 2008; 251:509-522. https://doi.org/10.1016/}.jtbi.2007.12.001 PMID: 18222486

18. Tizzoni M, Bajardi P, Poletto C, Ramasco JJ, Balcan D, Goncalves B, et al. Real-time numerical fore-
cast of global epidemic spreading: case study of 2009 A/H1N1pdm. BMC Medicine. 2012; 10:165.
https://doi.org/10.1186/1741-7015-10-165 PMID: 23237460

19. Centola D. The spread of behavior in an online social network experiment. Science. 2010; 329
(5996):1194-1197. https://doi.org/10.1126/science.1185231 PMID: 20813952

20. Watts DJ. A simple model of global cascades on random networks. Proceedings of the National
Academy of Sciences. 2002; 99(9):5766—-5771. https://doi.org/10.1073/pnas.082090499 PMID:
16578874

21. lacopinil, Petri G, Barrat A, Latora V. Simplicial models of social contagion. Nature communications.
2019; 10(1):2485. https://doi.org/10.1038/s41467-019-10431-6 PMID: 31171784

22. Hébert-Dufresne L, Scarpino SV, Young JG. Macroscopic patterns of interacting contagions are indis-
tinguishable from social reinforcement. Nature Physics. 2020; 16(4):426—431. https://doi.org/10.1038/
s41567-020-0791-2 PMID: 34221104

23. SocioPatterns collaboration; 2008. http://www.sociopatterns.org/.

24. Cattuto C, Van den Broeck W, Barrat A, Colizza V, Pinton JF, Vespignani A. Dynamics of Person-to-
Person Interactions from Distributed RFID Sensor Networks. PLoS ONE. 2010; 5(7):e11596. https://
doi.org/10.1371/journal.pone.0011596 PMID: 20657651

25. Barrat A, Cattuto C. In: Gongalves B, Perra N, editors. Face-to-Face Interactions. Cham: Springer
International Publishing; 2015. p. 37-57. Available from: https://doi.org/10.1007/978-3-319-14011-7_3.

26. Battiston F, Cencetti G, lacopini |, Latora V, Lucas M, Patania A, et al. Networks beyond pairwise inter-
actions: structure and dynamics. Physics Reports. 2020; 874:1-92. https://doi.org/10.1016/j.physrep.
2020.05.004

27. Génois M, Barrat A. Can co-location be used as a proxy for face-to-face contacts? EPJ Data Science.
2018; 7(1):11. https://doi.org/10.1140/epjds/s13688-018-0140-1

28. Vanhems P, Barrat A, Cattuto C, Pinton JF, Khanafer N, Régis C, et al. Estimating Potential Infection
Transmission Routes in Hospital Wards Using Wearable Proximity Sensors. PLoS ONE. 2013; 8(9):
€73970. https://doi.org/10.1371/journal.pone.0073970 PMID: 24040129

29. Stehlé J, Voirin N, Barrat A, Cattuto C, Isella L, Pinton J, et al. High-Resolution Measurements of Face-
to-Face Contact Patterns in a Primary School. PLOS ONE. 2011; 6(8):€23176. https://doi.org/10.1371/
journal.pone.0023176 PMID: 21858018

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 18/20


https://doi.org/10.1017/nws.2014.5
https://doi.org/10.1038/s41598-020-76563-8
https://doi.org/10.1038/s41598-020-76563-8
http://www.ncbi.nlm.nih.gov/pubmed/33168932
https://doi.org/10.1186/s12879-016-2003-3
http://www.ncbi.nlm.nih.gov/pubmed/27842507
https://doi.org/10.1016/j.jtbi.2005.01.011
https://doi.org/10.1016/j.jtbi.2005.01.011
http://www.ncbi.nlm.nih.gov/pubmed/15862595
https://doi.org/10.1098/rsif.2022.0164
http://www.ncbi.nlm.nih.gov/pubmed/35730172
https://doi.org/10.1103/PhysRevLett.130.247401
https://doi.org/10.1103/PhysRevLett.130.247401
http://www.ncbi.nlm.nih.gov/pubmed/37390429
https://doi.org/10.1073/pnas.0510525103
http://www.ncbi.nlm.nih.gov/pubmed/16461461
https://doi.org/10.1186/1741-7015-5-34
https://doi.org/10.1186/1741-7015-5-34
http://www.ncbi.nlm.nih.gov/pubmed/18031574
https://doi.org/10.1016/j.jtbi.2007.12.001
http://www.ncbi.nlm.nih.gov/pubmed/18222486
https://doi.org/10.1186/1741-7015-10-165
http://www.ncbi.nlm.nih.gov/pubmed/23237460
https://doi.org/10.1126/science.1185231
http://www.ncbi.nlm.nih.gov/pubmed/20813952
https://doi.org/10.1073/pnas.082090499
http://www.ncbi.nlm.nih.gov/pubmed/16578874
https://doi.org/10.1038/s41467-019-10431-6
http://www.ncbi.nlm.nih.gov/pubmed/31171784
https://doi.org/10.1038/s41567-020-0791-2
https://doi.org/10.1038/s41567-020-0791-2
http://www.ncbi.nlm.nih.gov/pubmed/34221104
http://www.sociopatterns.org/
https://doi.org/10.1371/journal.pone.0011596
https://doi.org/10.1371/journal.pone.0011596
http://www.ncbi.nlm.nih.gov/pubmed/20657651
https://doi.org/10.1007/978-3-319-14011-7_3
https://doi.org/10.1016/j.physrep.2020.05.004
https://doi.org/10.1016/j.physrep.2020.05.004
https://doi.org/10.1140/epjds/s13688-018-0140-1
https://doi.org/10.1371/journal.pone.0073970
http://www.ncbi.nlm.nih.gov/pubmed/24040129
https://doi.org/10.1371/journal.pone.0023176
https://doi.org/10.1371/journal.pone.0023176
http://www.ncbi.nlm.nih.gov/pubmed/21858018
https://doi.org/10.1371/journal.pcbi.1012206

PLOS COMPUTATIONAL BIOLOGY Infection patterns in simple and complex contagion processes on networks

30. Mastrandrea R, Fournet J, Barrat A. Contact patterns in a high school: a comparison between data col-
lected using wearable sensors, contact diaries and friendship surveys. PloS one. 2015; 10(9):
e€0136497. https://doi.org/10.1371/journal.pone.0136497 PMID: 26325289

31. Gemmetto V, Barrat A, Cattuto C. Mitigation of infectious disease at school: targeted class closure vs
school closure. BMC infectious diseases. 2014; 14(1):695. https://doi.org/10.1186/s12879-014-0695-9
PMID: 25595123

32. Ciavarella C, FumanelliL, Merler S, Cattuto C, Ajelli M. School closure policies at municipality level for
mitigating influenza spread: a model-based evaluation. BMC Infectious Diseases. 2016; 16(1):576.
https://doi.org/10.1186/s12879-016-1918-z PMID: 27756233

33. ColosiE, Bassignana G, Contreras DA, Poirier C, Pierre-Yves B, Cauchemez S, et al. Self-testing and
vaccination against COVID-19 to minimize school closure. Lancet Inf Diseases. 2022; 22:977. https://
doi.org/10.1016/S1473-3099(22)00138-4

34. Gauvin L, Panisson A, Cattuto C. Detecting the community structure and activity patterns of temporal
networks: a non-negative tensor factorization approach. PloS one. 2014; 9(1):e86028. https://doi.org/
10.1371/journal.pone.0086028 PMID: 24497935

35. Masuda N, Holme P, editors. Temporal Network Epidemiology. Springer, Singapore; 2017.

36. Ciaperoni M, Galimberti E, Bonchi F, Cattuto C, Gullo F, Barrat A. Relevance of temporal cores for epi-
demic spread in temporal networks. Scientific reports. 2020; 10(1):1-15. https://doi.org/10.1038/
$41598-020-69464-3 PMID: 32719352

37. PedreschiN, Battaglia D, Barrat A. The temporal rich club phenomenon. Nat Phys. 2022; 18(8):931—
938. https://doi.org/10.1038/s41567-022-01634-8

38. LaRock T, Lambiotte R. Encapsulation structure and dynamics in hypergraphs. Journal of Physics:
Complexity. 2023; 4(4):045007.

39. Barthélemy M, Barrat A, Pastor-Satorras R, Vespignani A. Velocity and hierarchical spread of epidemic
outbreaks in scale-free networks. Physical review letters. 2004; 92(17):178701. https://doi.org/10.1103/
PhysRevLett.92.178701 PMID: 15169200

40. CandeloroL, SaviniL, Conte A. A New Weighted Degree Centrality Measure: The Application in an
Animal Disease Epidemic. PLOS ONE. 2016; 11(11):1-14. https://doi.org/10.1371/journal.pone.
0165781

41. Dudkina E, Bin M, Breen J, Crisostomi E, Ferraro P, Kirkland S, et al. A comparison of centrality mea-
sures and their role in controlling the spread in epidemic networks. International Journal of Control.
2023; 0(0):1-16.

42. RadicchiF, Castellano C. Fundamental difference between superblockers and superspreaders in
networks. Phys Rev E. 2017; 95:012318. https://doi.org/10.1103/PhysRevE.95.012318 PMID:
28208339

43. ChenD, LiL, Shang MS, Zhang YC, Zhou T. Identifying influential nodes in complex networks. Physica
A: Statistical Mechanics and its Applications. 2012; 391(4):1777—-1787. https://doi.org/10.1016/j.physa.
2011.09.017

44. Colman E, Holme P, Sayama H, Gershenson C. Efficient sentinel surveillance strategies for preventing
epidemics on networks. PLOS Computational Biology. 2019; 15(11):1-19. https://doi.org/10.1371/
journal.pcbi.1007517 PMID: 31765382

45. Bucur D, Holme P. Beyond ranking nodes: Predicting epidemic outbreak sizes by network centralities.
PLOS Computational Biology. 2020; 16(7):1-20. https://doi.org/10.1371/journal.pcbi.1008052 PMID:
32697781

46. Bajardi P, Barrat A, Savini L, Colizza V. Optimizing surveillance for livestock disease spreading through
animal movements. Journal of The Royal Society Interface. 2012; 9(76):2814-2825. https://doi.org/10.
1098/rsif.2012.0289 PMID: 22728387

47. Valdano E, Poletto C, Giovannini A, Palma D, Savini L, Colizza V. Predicting Epidemic Risk from Past
Temporal Contact Data. PLOS Computational Biology. 2015; 11(3):1—19. https://doi.org/10.1371/
journal.pcbi.1004152 PMID: 25763816

48. St-Onge G, lacopini |, Latora V, Barrat A, Petri G, Allard A, et al. Influential groups for seeding and sus-
taining nonlinear contagion in heterogeneous hypergraphs. Communications Physics. 2022; 5(1):25.
https://doi.org/10.1038/s42005-021-00788-w

49. Stehlé J, Voirin N, Barrat A, Cattuto C, Isella L, Pinton JF, et al. High-resolution measurements of face-
to-face contact patterns in a primary school. PloS one. 2011; 6(8):€23176. https://doi.org/10.1371/
journal.pone.0023176 PMID: 21858018

50. Vanhems P, Barrat A, Cattuto C, Pinton JF, Khanafer N, Régis C, et al. Estimating potential infection
transmission routes in hospital wards using wearable proximity sensors. PloS one. 2013; 8(9). https://
doi.org/10.1371/journal.pone.0073970 PMID: 24040129

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 19/20


https://doi.org/10.1371/journal.pone.0136497
http://www.ncbi.nlm.nih.gov/pubmed/26325289
https://doi.org/10.1186/s12879-014-0695-9
http://www.ncbi.nlm.nih.gov/pubmed/25595123
https://doi.org/10.1186/s12879-016-1918-z
http://www.ncbi.nlm.nih.gov/pubmed/27756233
https://doi.org/10.1016/S1473-3099(22)00138-4
https://doi.org/10.1016/S1473-3099(22)00138-4
https://doi.org/10.1371/journal.pone.0086028
https://doi.org/10.1371/journal.pone.0086028
http://www.ncbi.nlm.nih.gov/pubmed/24497935
https://doi.org/10.1038/s41598-020-69464-3
https://doi.org/10.1038/s41598-020-69464-3
http://www.ncbi.nlm.nih.gov/pubmed/32719352
https://doi.org/10.1038/s41567-022-01634-8
https://doi.org/10.1103/PhysRevLett.92.178701
https://doi.org/10.1103/PhysRevLett.92.178701
http://www.ncbi.nlm.nih.gov/pubmed/15169200
https://doi.org/10.1371/journal.pone.0165781
https://doi.org/10.1371/journal.pone.0165781
https://doi.org/10.1103/PhysRevE.95.012318
http://www.ncbi.nlm.nih.gov/pubmed/28208339
https://doi.org/10.1016/j.physa.2011.09.017
https://doi.org/10.1016/j.physa.2011.09.017
https://doi.org/10.1371/journal.pcbi.1007517
https://doi.org/10.1371/journal.pcbi.1007517
http://www.ncbi.nlm.nih.gov/pubmed/31765382
https://doi.org/10.1371/journal.pcbi.1008052
http://www.ncbi.nlm.nih.gov/pubmed/32697781
https://doi.org/10.1098/rsif.2012.0289
https://doi.org/10.1098/rsif.2012.0289
http://www.ncbi.nlm.nih.gov/pubmed/22728387
https://doi.org/10.1371/journal.pcbi.1004152
https://doi.org/10.1371/journal.pcbi.1004152
http://www.ncbi.nlm.nih.gov/pubmed/25763816
https://doi.org/10.1038/s42005-021-00788-w
https://doi.org/10.1371/journal.pone.0023176
https://doi.org/10.1371/journal.pone.0023176
http://www.ncbi.nlm.nih.gov/pubmed/21858018
https://doi.org/10.1371/journal.pone.0073970
https://doi.org/10.1371/journal.pone.0073970
http://www.ncbi.nlm.nih.gov/pubmed/24040129
https://doi.org/10.1371/journal.pcbi.1012206

PLOS COMPUTATIONAL BIOLOGY Infection patterns in simple and complex contagion processes on networks

51. Mastrandrea R, Fournet J, Barrat A. Contact patterns in a high school: a comparison between data col-
lected using wearable sensors, contact diaries and friendship surveys. PloS one. 2015; 10(9):
e€0136497. https://doi.org/10.1371/journal.pone.0136497 PMID: 26325289

52. Cattuto C, Van den Broeck W, Barrat A, Colizza V, Pinton J, Vespignani A. Dynamics of Person-to-Per-
son Interactions from Distributed RFID Sensor Networks. PLOS ONE. 2010; 5(7):e11596. https://doi.
org/10.1371/journal.pone.0011596 PMID: 20657651

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012206  June 10, 2024 20/20


https://doi.org/10.1371/journal.pone.0136497
http://www.ncbi.nlm.nih.gov/pubmed/26325289
https://doi.org/10.1371/journal.pone.0011596
https://doi.org/10.1371/journal.pone.0011596
http://www.ncbi.nlm.nih.gov/pubmed/20657651
https://doi.org/10.1371/journal.pcbi.1012206

