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Abstract
The interaction among multiple microbial strains affects the spread of infectious diseases
and the efficacy of interventions. Genomic tools have made it increasingly easy to
observe pathogenic strains diversity, but the best interpretation of such diversity has
remained difficult because of relationships with host and environmental factors. Here,
we focus on host-to-host contact behavior and study how it changes populations of
pathogens in a minimal model of multi-strain interaction. We simulated a population of
identical strains competing by mutual exclusion and spreading on a dynamical network
of hosts according to a stochastic susceptible-infectious-susceptible model. We
computed ecological indicators of diversity and dominance in strain populations for a
collection of networks illustrating various properties found in real-world examples.
Heterogeneities in the number of contacts among hosts were found to reduce diversity
and increase dominance by making the repartition of strains among infected hosts more
uneven, while strong community structure among hosts increased strain diversity. We
found that the introduction of strains associated with hosts entering and leaving the
system led to the highest pathogenic richness at intermediate turnover levels. These
results were finally illustrated using the spread of Staphylococcus aureus in a long-term
health-care facility where close proximity interactions and strain carriage were collected
simultaneously. We found that network structural and temporal properties could
account for a large part of the variability observed in strain diversity. These results
show how stochasticity and network structure affect the population ecology of
pathogens and warns against interpreting observations as unambiguous evidence of
epidemiological differences between strains.

Author summary
Pathogens are structured in multiple strains that interact and co-circulate on the same
host population. This ecological diversity affects, in many cases, the spread dynamics
and the efficacy of vaccination and antibiotic treatment. Thus understanding its
biological and host-behavioral drivers is crucial for outbreak assessment and for
explaining trends of new-strain emergence. We used stochastic modeling and network
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theory to quantify the role of host contact behavior on strain richness and dominance.
We systematically compared multi-strain spread on different network models displaying
properties observed in real-world contact patterns. We then analyzed the real-case
example of Staphylococcus aureus spread in a hospital, leveraging on a combined dataset
of carriage and close proximity interactions. We found that contact dynamics has a
profound impact on a strain population. Contact heterogeneity, for instance, reduces
strain diversity by reducing the number of circulating strains and leading few strains to
dominate over the others. These results have important implications in disease ecology
and in the epidemiological interpretation of biological data.

Introduction

1

Interactions between strains of the same pathogen play a central role in how they
spread in host populations. [1–7]. In Streptococcus pneumoniae and Staphylococcus
aureus, for instance, several dozen strains can be characterized for which differences in
transmissibility, virulence and duration of colonization have been reported in some
cases [8, 9]. Strain diversity may also affect the efficacy of prophylactic control measures
such as vaccination or treatment. Indeed, strains may be associated with different
antibiotic resistance profiles [3, 5, 10, 11], and developed vaccines may only target a
subset of strains [2, 3, 12]. With the increasing availability of genotypic information, it
has become easy to describe the ecology of population of pathogens and to monitor
patterns of extinction and dominance of pathogen variants [13–17]. However, the
reasons for multi-strain coexistence patterns (e.g. coexistence between resistant and
sensitive strains) or dominance of certain strains (e.g. in response to the selection
pressure induced by treatment and preventive measures) remain elusive. One may
invoke selection due to different pathogen characteristics, but also environmental and
host population characteristics, leading to differences in host behavior, settings and
spatial structure may affect the ecology of strains [14–19]. In particular,
human-to-human contacts play a central role in infectious disease transmission [20].
This is increasingly well described thanks to extensive high-resolution data - including
mobility patterns [21–23], sexual encounters [24], close proximity interactions in
schools [25, 26], workplaces [27], hospitals [16, 28–31], etc.-, that enable basing
epidemiological assessment on contact data with real-life complexity [32, 33]. For
instance, the frequency of contacts can be highly heterogeneous leading more active
individuals to be at once more vulnerable to infections and acting as super-spreaders
after infection [24, 33–35]. Organizational structure of certain settings (school classes,
hospital wards, etc.) and other spatial proximity constraints lead to the formation of
communities that can delay epidemic spread [36, 37]. Individual turnover in the host
population is also described as a key factor in controlling an epidemic [20, 38]. It is likely
that, since they impact the spread of single pathogens, the same characteristics could
affect the dynamics in multi-strain populations. It was shown, indeed, that network
structure impacts transmission with two interacting strains [39–46], the evolution of
epidemiological traits [47–49] and the effect of cross-immunity [50, 51]. Yet in these
cases, complex biological mechanisms - such as mutation, variations in transmissibility
and infectious period, cross immunity - were used to differentiate between pathogens,
thereby making the role of network characteristics difficult to assess in its own right.
For this reason, we focused on the dynamical pattern of human contacts and
examined whether it contributes to shaping the population ecology of interacting strains
under minimal epidemiological assumptions regarding transmission. We described a
neutral situation where all strains have the same epidemiological traits and compete via
mutual exclusion (concurrent infection with multiple strains is assumed to be
impossible) in a Susceptible-Infected-Susceptible (SIS) framework. We studied the
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spread of pathogens in a host population during a limited time window, disregarding
long-term evolution dynamics of pathogens. More precisely, new strains were introduced
through host turnover rather than de novo mutation or recombination in pathogens. We
quantified the effect of network properties on the ecological diversity in strain
populations with richness and dominance indicators. We assessed in turn heterogeneities
in contact frequency, community structure and host turnover by comparing simulation
results obtained with network models exhibiting a specific feature. We then interpreted
S. aureus carriage in patients of a long-term care facility in the light of these results.
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Results
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Effects of contact heterogeneity

51

We simulated the stochastic spread of multiple strains on a dynamical contact network
of individuals (nodes of the network). Individuals can be either susceptible or infected
with a single strain at a given time, and, for each strain, β and µ indicate the
transmission and the recovery probability respectively. We assumed continuous turnover
of individuals, who enter the system with probability λin , and associated injection of
previously unseen strains, carried by incoming individuals with probability ps . In order
to probe the effect of contact heterogeneity on strain ecology we compared a
homogeneous model (HOM) in which all nodes have the same activity potential, i.e.
they have equal rate of activation to establish contacts, with a heterogeneous model
(HET) where the average activity potential is the same, but the rate of activation is
heterogeneous across individuals [34]. Then, for each network model we characterized
the structure of pathogen population at the equilibrium through ecological diversity
measures, including species richness and evenness/dominance indices [52, 53].
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Fig 1. Effect of contact heterogeneity on strain richness. Comparison between
a homogeneous (HOM) and a heterogeneous (HET) network. In HOM each node
activates with probability aH = 0.285 and the network average degree is k̄ = 0.89. In
HET the activation probability of each node is drawn randomly from a power-law
distribution with the same average activity of HOM. γ is the exponent of the power-law,
thus lower values of γ correspond to a higher contact heterogeneity. We chose a
population of V̄ = 306 individuals, an average length of stay τ = 10 days, the
probability an incoming individual brings a new strain ps = 0.079 and µ = 0.00192 (see
Material and methods). (A) Sample time series of strain abundance for HOM and HET
with γ = 0.7, here β = 0.02. (B) Average prevalence vs β. Two levels of heterogeneity
are here considered for HET. For the sake of visualization, the shaded area
corresponding to the standard deviation is shown only for HOM. (C) Average richness
vs β. (D) Average prevalence vs richness. Dashed lines are shown as a guide to the eye,
highlighting variation in richness induced by network topology.

Fig 2. Effect of contact heterogeneity on strain dominance. (A) Abundance
distribution. (B) Berger-Parker index vs β. Berger-Parker index is defined as the
relative abundance of the most abundant strain. For the sake of visualization, the
shaded area corresponding to the standard deviation is shown only for HOM. (C)
Berger-Parker index vs richness. Parameters are the same as in Fig 1.
We show sample epidemic trajectories in Fig 1A and average quantities in panels
B-D of Fig 1. The prevalence, summarized in Fig 1B for different transmissibility values,
displays a well-known behavior for both static and dynamic networks: contact
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heterogeneities lower the transmissibility threshold above which total prevalence is
significantly above zero, thus allowing the spread of pathogens with low-transmissibility.
At the same time, however, heterogeneities hamper the epidemic spread when β is large,
reducing the equilibrium prevalence [35]. Fig 1 shows that richness (i.e. the number of
distinct strains co-circulating) is not linked to the prevalence in a straightforward way.
For sufficiently large β, the reduction in richness of HET with respect to HOM is
important even for the case with mild contact heterogeneity, when prevalence is barely
affected (Fig 1C). The scaling between prevalence and richness is not linear as β varies
(Fig 1D), and the relation between the two quantities varies appreciably among contact
networks. In correspondence of a fixed value of prevalence, heterogeneous networks have
lower richness - e.g. a prevalence value of 250 corresponds to 21% lower richness in HET
with respect to HOM, as highlighted in Fig 1D. This fact can be explained by the
balance between injection of new strains and extinction of already circulating ones. The
extinction of a stochastic SIS process is certain, being the disease-free state the unique
absorbing state. When multiple SIS processes spread on the same network, the
persistence time of a single process is short, in the sense that it scales linearly with the
size of the system [54] (in contrast to the lifetime of a single SIS process which scales
exponentially with the size of the system when β is above the threshold value [55]).
Here we find that network heterogeneity shortens the persistence time of a strain (see
also Fig S1 in the supporting information). Indeed active nodes involved in a larger
number of contacts get infected more frequently [35]. Strains introduced by low-activity
nodes are likely to be surrounded by nodes already infected, thus limiting transmission.
As a consequence they encounter extinction more easily. In other words, contact
heterogeneities strengthen the competition induced by mutual exclusion.
The presence of hubs not only reduces richness for sufficiently large β, but affects
more profoundly the distribution of strains’ abundances, i.e. the strain-specific
prevalence, leading to stronger fluctuations (Fig 2A). If on one hand hubs accelerate the
extinction of certain strains, on the other hand they act as super-spreaders and amplify
the prevalence of other strains. This results in a situation of dominance where certain
strains, despite having no biological advantage, become able to overcome the others
reaching a significant proportion of the population. This situation is synthesized by the
Berger-Parker index, defined as the relative abundance of the most abundant strain - an
alternative indicator, the Shannon evenness, is shown in Fig S2 in the Supplementary
Information. Fig 2B-C shows how this quantity varies when increasing strain
transmissibility. As expected, at low β values the short transmission chains produced by
different strains barely interact. The competition becomes, instead, more pronounced as
β increases and, consistently, the effect of the network topology becomes more relevant.
We tested whether additional mechanisms of strain injection were leading to
different results. In Fig S3 we assumed new strains to infect susceptible nodes already
present in the system with probability qs , mimicking in this way transmissions
originating from an external source, as it can happen in real cases. The plot of Fig S3
shows the same qualitative behavior described here.

Effect of community structure
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We considered a community model (COM) with nC communities in which all nodes are
as active as in HOM, but direct a fraction pIN of their links within their community
and the rest to nodes in the remaining nC − 1 communities. The closer pIN is to 1, the
stronger the repartition in communities.
Fig 3A,B shows that a network with communities displays a higher richness for large
β; even when community structure barely affects prevalence (Fig 3B). However, the
effect is important only when communities are fairly isolated (pIN = 0.99) and the
injection from the outside is not so frequent - otherwise the effect is masked by strain
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Fig 3. Impact of community structure. (A) Richness vs β for HOM (blue lines)
and for COM with pIN = 0.78 (red lines) and pIN = 0.99 (green lines). For both COM
models we have set nC = 6. Solid lines correspond to ps = 0.01, while dashed lines
correspond to ps = 0.079. (B) Prevalence vs richness for ps = 0.01. (C) Berger-Parker
index vs richness for ps = 0.01. (D) Average IPR for both ps = 0.01 (white background)
and ps = 0.079 (gray background) and for β = 0.02. Squares correspond to IPR
obtained from total prevalence while circles correspond to IPR obtained from strains’
abundances. Here no injection due to transmission from an external source is assumed
(qs = 0). The effect of this second mechanism is shown in Fig S3.
injection which occurs uniformly across communities. In particular, for the values of
pIN = 0.78 and ps = 0.079, chosen to match the real-case scenario discussed latter in the
text (i.e. the spread S. aureus within a hospital), the difference with the homogeneous
case is very small. For low β, the behavior of the Berger-Parker index follows the trend
in richness. The initial decrease in this indicator is due to the increase in richness, that
occurs at constant prevalence and is thus associated to a decrease in the average
abundance [56] - green curve in Fig 3C corresponding to pIN = 0.99 and ps = 0.01. At
larger values of β, instead, increased competition levels induced higher dominance levels.
The increase in strain diversity is due to the reduced competition among strains
introduced in different communities. When coupling among communities is low, indeed,
strains may spend the majority of time within the community they were injected in,
thus avoiding strains injected in other communities. Fig 3D confirms this hypothesis by
showing the Inverse Participation Ratio (IP R) [57] that quantifies uniformity in the
repartition of abundance across communities. Values close to zero indicate uniform
repartition, while, conversely, values close to 1 indicate that, on average, a strain is
confined within a single community for most of the time (more details are reported in
the Material and Methods section). The strength of the community structure does not
affect the repartition of the total prevalence (squares in the plot), however it alters the
average IP R value computed from the abundance of single strains, thus strains become
more localized as pIN increases. Notice that a certain degree of localization is present
also in the homogeneous network, due to the case in which injected strains cause very
few generations before getting extinct.

Effect of turnover of individuals
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Another important factor is node turnover as it has a profound impact on the ecological
dynamics of strains for two reasons: incoming individuals contribute to richness by
injecting new strains; on the other hand, the removal from the population of infected
nodes breaks transmission chains and hampers the persistence of strains. The result of
the interplay between these two mechanisms is summarized by the plot of richness as a
function of β and node length of stay, τ , - Fig 4A. The figure, obtained with the HOM
model, shows two distinct regimes. In the former case, richness decreases as τ increases,
because replacement of individuals becomes slower and injections less frequent. In the
high β regime, instead, the average richness at fixed β does not depend monotonically
on the node turnover but it is instead maximized at intermediate τ . Interestingly, the
optimal value of τ decreases as β increases. This behavior can be explained by looking
at the balance between injection and extinction that determines the equilibrium value of
richness, N̄S . This reads [58]:

N̄S = λin ps Tpers (β, τ ) = V̄ ps

119

Tpers (β, τ )
,
τ

(1)
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Fig 4. Effects of node length of stay on strain diversity. (A) Average richness
and (B) Average Berger-Parker index. Contour plots are shown in both figures. While
exploring τ we also set the value of the average network size V̄ to 306. For each value of
β we highlight in panel (A) the value of the length of stay corresponding to the
maximum richness (white asterisks) together with the analytical prediction (white line).
Here µ = 0.00192, k̄ = 0.89, aH = 0.28.
where λin ps is the rate at which new strains are introduced and Tpers is the average
persistence time of a strain. The trade-off between injection and extinction appears as
the ratio between the two time scales, Tpers and τ . In the limit τ → 0 the spread plays
no role, even for high β. As τ increases, newly introduced infectious seeds have a higher
probability to spread, thus the average extinction time initially increases super-linearly
with τ (see Fig S4 in the Supplementary Information) resulting in an increase of
richness. However, past a certain value of τ , Tpers does not grow super-linearly anymore,
thus a further increase in τ is detrimental for pathogen diversity because it is associated
to fewer introductions. This general behavior was not altered by the accounting for
introductions by transmissions from an external source as shown in Fig S3.
We derive an approximate formula for Tpers considering an emerging strain
competing with a single effective strain formed by all other strains grouped together.
This formulation, enabled by the neutral hypothesis, makes it possible to write the
master equation describing the dynamics and using the Fokker-Planck approximation to
derive persistence times (see Material and Methods). Analytical results well reproduce
the behavior recovered by simulations, and, in particular, the value of the length of stay
maximizing richness for different β as shown by the comparison between white stars and
continuous line in Fig 4C. The quantitative match for other values of ps is reported in
Fig S5 in the Supplementary Information.
Unlike richness, Berger-Parker index always increases monotonically with the length
of stay - Fig 4B. This behavior is due to the correlation of this indicator with average
abundance, similarly to what we discussed in the previous section.

Spread of S. aureus in a hospital setting
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We conclude by analyzing the real-case example of the S. aureus spread in a hospital
setting [10, 59]. We used close-proximity-interaction (CPI) data recorded in a long-term
health-care facility during 4 months by the i-Bird study [16, 28, 31]. These describe a
high-resolution dynamical network, whose complex structure reflects the hospital
organization, the subdivision in wards and the admission and discharge of patients [60].
Together with the measurements of contacts, weekly nasal swabs were done to monitor
the S. aureus carriage status of the participants and identify the spa-type and the
antibiotic resistance profile of the colonizing strains.
The modeling framework considered here well applies to this case. The SIS model is
widely adopted for modeling the S. aureus colonization [62, 63], and the assumption of
mutual exclusion is made by the majority of works to model the high level of
cross-protection recognized by both epidemiological and microbiological studies [64, 65].
The dynamic CPI network was previously shown to be associated with paths of strain
propagation [16]. Consistently, we assumed that transmission is mediated by network
links with transmissibility β. In addition, new strains are introduced in the population
carried by incoming patients, or contacts with persons not taking part in the study.
Fig 5A shows weekly carriage and its breakdown in different strains. Prevalence and
richness fluctuate around the average values 87,3 ± 6,3 cases and 39,8 ± 2 strains,
respectively. Simulation results are reported in Fig 5B, that displays the impact of
transmission and introduction rate on richness and prevalence. When introduction rate
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Fig 5. S. aureus population structure on hospital network. (A) Weekly
carriage data. (B) Prevalence vs. richness from simulations on the hospital network for
different β and different rate of introduction, here tuned by the parameter qs . Blue
dashed lines represent the average empirical values. (C) Prevalence vs richness for
hospital contact data (blue dots) and RAND (grey dots). The hospital curve
corresponds to the curve in (B) with blue-contour markers. (D) For each week,
Berger-Parker index in carriage data along with the same quantity from the simulations.
The shaded areas indicate the average plus/minus the standard deviation obtained from
1000 stochastic runs. For each network, parameter values are the ones that reproduce
empirical prevalence and richness. Duration of colonization is assumed here to be 35
days [61]. Alternative values of this parameter led to same qualitative results (Fig S6).

is low we find a positive trend between richness and prevalence, consistently with the
synthetic case. For higher injection rates, instead, the relation between richness and
prevalence becomes first less pronounced and then decreasing because as soon as the
transmission rate becomes larger the injection is hampered by the depletion of
susceptibles.
To quantify the effect of contact patterns on S. aureus population ecology we
compared simulation results with the ones on a network null model. Specifically we built
the RAND null model that randomizes contacts while preserving just the first and the
last contact of every individual. The randomization preserves node turnover, number of
active nodes and links and destroys contact heterogeneities and community structure
along with higher-order correlations. Fig 5C shows the comparison for different
transmissibility values. The effect of the network is consistent with the theoretical
results described for a heterogeneous network, i.e. smaller richness values correspond to
the same prevalence in the real network compared to the homogeneous one. We then
quantified the level of dominance of the multi-strain distribution by means of the
Berger-Parker index. We chose for each network introduction and transmissibility rates
that better reproduce empirical richness and prevalence and, interestingly, we found
that, for the two cases, same average richness and prevalence correspond to different
Berger-Parker behaviors. The Berger-Parker obtained with the real network is the
highest and the one that better matches the empirical values - i.e. the empirical values
are within one standard deviation of the mean for almost all weeks. Based on this result
we argue that contact heterogeneities, along with the other properties of the contact
network, contribute to the increased dominance of certain strains.

Discussion
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Multiple biological and environmental factors concur in shaping pathogen diversity. We
focused here on the host contact network and we used a minimal transmission model to
assess the impact of this ingredient on strain population ecology, quantifying the effects
of three main network properties, i.e. heterogeneous activity potential, presence of
communities and turnover of individuals. Results show that the structure and dynamics
of contacts can alter profoundly strains’ co-circulation. Contact heterogeneities, by
quickly driving low-abundance strains to extinction, reduce strain richness and favor
strain dominance. Highly active nodes are known to play an important role in outbreak
dynamics by acting as super-spreaders [33]. Here we showed that a similar mechanism
could allow strains with no biological advantage to generate a large number of cases and
outcompete other equally fit strains. This mechanism may potentially bias the
interpretation of biological data. Dynamical models that do not properly account for
contact structure could overestimate the difference in strains’ epidemiological traits in
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the attempt to explain observed fluctuations in strain abundance induced in reality by
super-spreading events. Moreover, these models could provide biased assessment of
transmission vs. introduction rates.
The presence of communities causes the separation of strains and mitigates the effect
of competition thus enhancing co-existence. A similar behavior was already pointed out
for the spread of S. pneumoniae, as induced by age assortativity [66], for the case of S.
aureus where distinct settings were considered [62], and for a population of antigenic
distinct strains in presence of cross-immunity [51]. We found that the impact of
community structure is not so strong, and it is likely minor when individuals of different
communities have frequent contacts. No appreciable variation was observed, indeed, for
pIN = 0.78, chosen to match the inter-ward coupling of the hospital CPIs network.
Similar results can be expected for school classes or workplace departments presenting a
similar level of community mixing. The effect on richness becomes appreciable for low
community coupling (e.g. pIN = 0.99 in Fig 3). This is consistent with a certain degree
of diversity observed among strain belonging to separated communities, as it is the case
of different hospitals [15].
Eventually, the analysis of turnover of individuals revealed major effects on strain
diversity, when this mechanism is also the main responsible for the introduction of
strains in the population. When transmissibility is low richness decreases with host
length of stay. When transmissibility is above the epidemic threshold we showed the
existence of an optimal value of the length of stay that maximizes strain richness as a
result of the interplay between two competing timescales, namely the typical
inter-introduction time and the average persistence time of a strain. This provides
insights for the spread of bacterial infections in transmission settings, such as hospitals
or farms, that are of particular relevance for the spread of antimicrobial resistance and
that are characterized by a rapid host turnover [15, 31, 67]. For the case of hospitals, for
instance, they suggest that variations in patients’ length of stay, as induced by a change
of policy, could have appreciable effects on the population structure of nosocomial
pathogens.
We adopted a neutral model to better disentangle the relative role of the different
network properties. A wide disease-ecology literature addressed the consequences of
neutral hypotheses on multi-strain balance in order to provide a benchmark for
interpreting the observed co-existence patterns and gauging the effect of selective forces
potentially at play [11, 18, 68, 69]. Many of these works addressed, for instance, the
co-existence between susceptible and resistant strains of S. pneumoniae [11, 68].
However, this assumption was rarely adopted in network models, that consider for the
majority strains with different epidemiological traits with the aim of describing
pathogen selection and evolution [47–49, 70]. Strains were assumed to have the same
infection parameters in [50, 51], where the role of community structure and clustering
was analyzed in conjunction with cross-immunity. With respect to these works, the
minimal transmission model used here enabled a transparent comprehension of the role
of the network. Multiple identical SIS processes can be mapped, in fact, on a single SIS
process, in such a way that the wide literature of single SIS processes allows for a better
understanding of the behavior recovered in the simulations [32, 33]. Strains can be also
grouped in two macro strains. This strategy allowed us to adopt the viewpoint of an
emerging strain and study its competition with the others seen as a unique macro-strain.
The associated Markov equation and Fokker-Planck approximation allow computing the
average extinction time, capturing the key aspects of the dynamics. We focused here on
three major properties of human contacts. Future work can leverage on a similar
transmission model to address other properties known to alter spreading dynamics, such
as heterogeneous inter-contact time distribution or topological and temporal
correlations.
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As a case study, we analyzed the spread of S. aureus in a hospital taking advantage
of the simultaneous availability of contact and carriage information [16]. The temporal
and topological features of the network lead to a lower prevalence and richness with
respect to the homogeneous mixing (although the effect was quite small). In addition,
similar prevalence and richness values are associated to different dominance levels in
different networks - i.e. different values of the Berger-Parker index -, with the real
network leading to a higher dominance as observed in reality. This behavior can be
explained by the theoretical results and can be attributed essentially to the effect of
contact heterogeneities, considering that the community structure does not have
appreciable effects for this network, as discussed above. The importance of accounting
for host contacts and hospital organization in the assessment of bacterial spread and
designing intervention has been recognized by several studies [16, 28–31, 61]. Here we
show that this element may be critical also for understanding the population ecology of
the bacterium. It is important to note however that, while the realistic network
provides results that are closer to the data, this ingredient explains only part of the
heterogeneity observed in the abundance. This shows that the contact network is a
relevant factor, but other factors should be considered as well. The approach used here
is intentionally simplified, as we focused on the main dynamical consequences of the
contact network. Clearly, more detailed models can be designed to reproduce more
closely the data. A certain degree of variation in the epidemiological traits could be at
play, as for example the fitness cost of resistance [8]. Role of hosts in the network (e.g.
patients vs. health-care workers), and heterogeneities in health conditions, antibiotic
treatment and hygiene practices are also known to affect duration of carriage and
chance of transmission [16, 28, 31, 61]. Eventually, we must consider that the comparison
of model output with carriage data is also affected by the limitation of the dataset itself,
already described in [16]. In particular, the weekly swabs may leave transient
colonization undetected. Moreover, while the relevance of CPIs as proxies for
epidemiological links has been demonstrated [16], the transmission through the
environment (e.g. in the form of fomites) is also possible.
The understanding provided here can be relevant for other population settings,
temporal scales and geographical levels. In addition, the modeling framework could be
applied to pathogens other than S. aureus, such as human papillomavirus, S.
pneumoniae and Neisseria meningitidis, for which the strong interest in the study of the
strain ecology is justified by the public health need for understanding and anticipating
trends in antibiotic resistance, or the long-term effect of vaccination [1, 2, 4, 5]. With this
respect, if the simple framework introduced here increases our theoretical
comprehension of the multi-strain dynamics, more tailored models may become
necessary according to the specific case. In particular, we have considered complete
mutual exclusion as the only mechanism for competition. In reality, a secondary
inoculation in a host that is already a carrier may give raise to alternative outcomes,
such as co-infection or replacement [71]. In addition infection or carriage may confer a
certain level of long-lasting strain-specific protection and/or a short-duration
transcendent immunity [11, 50]. Eventually mechanisms of mutation and/or
recombination are at play and their inclusion into the model can be important
according to the time scale of interest.
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Materials and methods

332

Network models

333

For all the network models considered, the stochastic generative algorithms return a
sequence of time-stamped networks and share a similar general scheme:
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Turnover dynamics: new nodes arrive according to a Poisson process with rate λin
and leave after a random time drawn from an exponential probability distribution with
average τ . After a short initial transient, population size is Poisson distributed with
average V̄ = λin τ .
Activation Pattern: during each time step each node activates with a given
probability that depends on the actual model considered. Each active node then creates
a number of stubs which is drawn from a zero-truncated Poisson distribution. The
active status lasts for just a single time step.
Stub matching: stubs are then matched according to the actual model considered.
The generative models considered in this work are:
HOM: in this model each node has the same probability aH to be active during each
time step. Stubs are matched completely at random in order to form links. We discard
eventual self-links and multiple-links that may occur during the matching procedure.
HET: here each node has its own activation probability ai , drawn from a power-law
distribution P (a) ∝ a−γ , with a ∈ (, 1]. We tune the variance varying γ - lower γ
higher variance. We then set  to have the average activity ā equal to aH in HOM.
Stub-matching procedure is the same as in HOM.
COM: incoming nodes are assigned to one among nC communities with equal
probability, in such a way that communities have the same size on average. Each stub is
matched within the respective community with probability pIN or outside the
community with complementary probability.

Hospital network and null models

337
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343
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347
348
349
350
351
352
353
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355
356

357

We use a dynamical contact network obtained from CPI data collected during the i-Bird
study in a French hospital. Details of the network are already reported in [16]. We
aggregated the CPIs daily keeping the information about their cumulated duration
within each day. We discard CPIs relative to the first 2 weeks and the last 4 weeks of
dataset, corresponding to a period of adjustments in the measurements and progressive
dismissal of the experiment, respectively. Simulations conducted with the CPIs network
were compared with results obtained with a null model which we refer to as RAND.
According to this randomization scheme the activity of node is randomized while
respecting the constraint that removal and addition of contacts must not alter the time
of the first and the last contact of each node (tS and tL respectively). Notice that
RAND preserves the number of nodes that are present at any time in the network by
preserving their first contact tS and their length of stay tL − tS . Null models
randomizing the latter properties lead to misleading results when node length of stay is
heterogeneous and node turnover occurs [72]. RAND also sets all contact weights equal
to the average weight value.

Simulation details
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360
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363
364
365
366
367
368
369
370
371
372

373

Transmission dynamics is entirely stochastic and emerges from the combination of
transmission, recovery and strain injection. During time step t each node is updated
according to its state: each infected node transmits the strain it is carrying to a
susceptible neighbor with probability β, and infected nodes turn susceptible with
probability µ. For the S. aureus case study, transmission probability depends the
cumulated duration of the contact within the day (wij ) according to the expression
w
1 − (1 − β) ij . Due to mutual exclusion, an individual can be infected by a single strain
at a given time [73]. New unseen strains are injected with rate ι. At each time step
incoming individuals can bring a new strain with probability ps . In addition, susceptible
individuals may turn infectious carrying a new strain with probability qs . The two
mechanisms mimic respectively incoming infectious individuals (e.g. admission of
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colonized patients) and transmission from an external source (in the hospital example
this corresponds to contacts with individuals that were not participating in the study).
Injection rate is thus given by ι = λin ps + S̄qs , where S̄ is the number of susceptible at
the equilibrium. In the theoretical analysis in the main paper we assumed qs = 0 for
simplicity, thus variations in ι where induced by variations in λin and ps . The case
qs > 0 was considered in the Supplementary Information. In the hospital case study ps
was set to 0.079 (directly estimated from the data), while qs was explored.
In the theoretical analysis parameters were set, in the majority of cases, to match
the hospital case study - e.g value of ps , average number of nodes V̄ , average activation
rate ā, number of communities (nC ), etc.

Analysis of carriage data

385
386
387
388
389
390
391
392
393
394

395

Carriage data was obtained from weekly swabs in multiple body areas, including the
nares. Swabs that resulted positive to S. aureus were further examined. Spa-type and
antibiotic resistance profiles (MSSA or MRSA) were then determined. In this work we
regard two strains as different if they differ in spa-type and/or antibiotic resistance
profile. We considered carriage data obtained from nasal swabs dismissing other body
areas since the anterior nares represent the most important niche for S. aureus [74].

Ecological measures and other indicators

l
X

vi4 .

397
398
399
400
401

402

We described strain population diversity through standard ecological indicators. The
abundance of a strain i, Ni , is the strain-associated prevalence. From this quantity we
computed the abundance distribution, being the frequency of strains with abundance N .
The Berger-Parker index is the relative abundance of the dominant strain, i.e.
maxi PNiNi .
i
To analyze repartition of strains across communities we use the Inverse Participation
Ration (IP R) [57]. Given a vector ~v with elements {vi }li=1 , all within [0, 1], the IPR is
given by:
IP R =

396

403
404
405
406
407
408
409
410

(2)

i=1

If all the components are of the order (l−1 ) then the IP R is small. Instead if one
component vi ∼ 1 then IP R ∼ 1 too, reflecting localization of ~v . The IPR for total
prevalence is computed by setting vi equal to the fraction of infected individuals
belonging to community i , while the IPR for a single strain is computed by setting vi
equal to the fraction of individuals infected by that particular strain and belonging to
community i. We can extend the IPR computation to HOM case by assigning nodes to
different groups as in COM but without affecting the stub-matching scheme.

Analytical results for the homogenous network

412
413
414
415
416
417

418

In order to estimate the value of the length of stay maximizing the average richness for
a given value of β when the contact structure is given by the HOM network we consider
a homogeneous mixing version of our system.
Due to Eq (1) the calculation of the average richness reduces to the calculation of the
average persistence time. In order to estimate such quantity we focus on a particular
strain, labelled as “strain A”, which is injected at t = 0 and we group all other strains
under the label “strain B”. We are allowed to do so because all strains have identical
parameters. We therefore reduce our initial, multi-strain problem, to a two-strain
problem. Since all new strains that will be injected after t = 0 will be labeled as strain

PLOS

411

11/18

419
420
421
422
423
424
425
426
427

bioRxiv preprint first posted online Sep. 26, 2018; doi: http://dx.doi.org/10.1101/428185. The copyright holder for this preprint
(which was not peer-reviewed) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license.

B, it is clear that A is doomed to extinction since there exists an infinite reservoir of B.
The average time to extinction is therefore the average time to extinction of strain A.
Since HOM network realizes quite well homogeneous mixing conditions we regard
our system as homogeneously mixed. Within this framework it is sufficient to specify
the numbers of hosts infected by strain A (m), hosts infected by strain B (n) and
susceptible hosts (s). The master equation for the joint probability distribution
P (m, n, s) is given by [75]:

428
429
430
431
432
433
434

Ṗ (m, n, s) = β 0 V̄ −1 (m − 1)(s + 1)P (m − 1, n, s + 1)
+ β 0 V̄ −1 (n − 1)(s + 1)P (m, n − 1, s + 1)
+ µ(m + 1)P (m + 1, n, s − 1) + µ(n + 1)P (m, n + 1, s − 1)
+ γ(m + 1)P (m + 1, n, s)
+ γ(n + 1)P (m, n + 1, s) + γ(s + 1)P (m, n, s + 1) + γ V̄ ps P (m, n − 1, s)
+ γ V̄ (1 − ps )P (m, n, s − 1)


− β 0 V̄ −1 (m + n)s + µ(m + n) + γ(m + n + s) + γ V̄ P (m, n, s),
(3)
Where β 0 = β k̄. The various terms represent contributions due to infection, recovery,
admission and discharge of nodes. In order to obtain some approximate solution to this
equation we assume that the average number of individuals m + n + s and the total
prevalence m + n do not fluctuate in time and are therefore equal to V̄ and i(∞)V̄
respectively, where i(∞) is given by:

i(∞) =

β0 − µ − γ +

p
(β 0 − µ − γ)2 + 4β 0 γps
.
2β 0

1 2
∂ (D2 (x)f ) ,
2hV i x

d
d2
1
D2 (x0 ) 2 Tpers = −1,
Tpers +
dx0
dx0
2V̄

with boundary conditions Tpers (0) = 0 and
given by:

Tpers (x0 ) =

439

440
441
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445

(6)

d
Tpers (i(∞)) = 0. The solution is finally
dx0

446
447

i(∞)
[Ei(−αi(∞))(eαx0 − 1) − eαx0 Ei(−αx0 ) + ln(αx0 ) + γE ] ,
γps

(7)

where Ei(x) is the exponential integral function and γE is Euler-Mascheroni constant.
When a new strain is introduced its prevalence is just 1, therefore we estimate the
average extinction time using Tpers (x0 = V̄ −1 ).
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(5)

where D1 = β 0 (1 − i(∞)) x − µ − γ and D2 = β 0 (1 − i(∞)) x + µ + γ are the so-called
drift and diffusion coefficients respectively.
According to the theory of stochastic processes [75] the average extinction time
Tpers (x0 ) (where x0 represents the initial density of strain A) satisfies:
D1 (x0 )

437

(4)

After performing the Van-Kampen size expansion we are left with a Fokker-Planck
) = P (m):
equation for the density of A f (x = m
V̄
∂t f = −∂x (D1 (x)f ) +
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35. 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. doi:10.1016/j.jtbi.2005.01.011.
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