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Abstract

gies against pathogens known to infect multiple species.

Infectious diseases in livestock are well-known to infect multiple hosts and persist through a combination of within-
and between-host transmission pathways. Uncertainty remains about the epidemic dynamics of diseases being
introduced on farms with more than one susceptible host species. Here, we describe multi-host contact networks
and elucidate the potential of disease spread through farms with multiple hosts. Four years of between-farm animal
movement among all farms of a Brazilian state were described through a static and monthly snapshot of network
representations. We developed a stochastic multilevel model to simulate scenarios in which infection was seeded into
single host and multi-host farms to quantify disease spread potential, and simulate network-based control actions
used to evaluate the reduction of secondarily infected farms. We showed that the swine network was more con-
nected than cattle and small ruminants in both the static and monthly snapshots. The small ruminant network was
highly fragmented, however, contributed to interconnecting farms, with other hosts acting as intermediaries through-
out the networks. When a single host was initially infected, secondary infections were observed across farms with all
other species. Our stochastic multi-host model demonstrated that targeting the top 3.25% of the farms ranked by
degree reduced the number of secondarily infected farms. The results of the simulation highlight the importance of
considering multi-host dynamics and contact networks while designing surveillance and preparedness control strate-

Introduction

Infectious diseases in livestock populations have the
potential to create large outbreaks and epidemics which
compromise animal health and welfare, and produce
economic losses [1]. Historically, these epidemics have
been associated with disease transmission among multi-
ple livestock hosts, i.e., the 2001 foot-and-mouth disease
(FMD) outbreak in the United Kingdom [1]. To better
understand the main drivers of such large-scale out-
breaks, several studies have used social network analysis
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(SNA) and mathematical models to characterize animal
movement patterns, often with a focus on individual
food animal species such as cattle, [2—5] swine or small
ruminants [6]. Only a few studies have developed math-
ematical models or even described contact networks over
animal movement data of multiple species at the same
time [7-16].

In previous literature, social network analysis has been
used to shed light on between-farm disease spread pro-
cesses, including the calculation of expected epidemic
size where a wide range of network features derived from
both static and monthly snapshots of network repre-
sentation have been implemented [2, 17, 18]. The use of
such approaches is very useful to describe the topology
and temporal variation in the networks, however, it can
lead to overestimation of the connectivity of the animal
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trade. Therefore, approaches that account for the tempo-
ral order of movements such as temporal contact chains
analysis and disease spread models have been successful
in capturing epidemic trajectories [19-21].

The broader availability of animal movement data has
been followed by significant advancements in disease
spread modeling [22-24]. Those studies revealed impor-
tant dynamic characteristics of epidemics that could be
used in the development of targeted surveillance systems
for farms with a higher likelihood of infection through
animal movements [10, 25]. Our study was conducted
with data from one Brazilian state. Here, we implemented
analysis that allows for the description of the possible
risks of animal movements, and identify key farms in the
contact network using a multispecies approach. Social
network analysis and mathematical models considering
more than one host can deliver insights into the quan-
tification of potential outbreak paths and provide useful
data for the identification of key farms that can be used to
break the direct contact transmission of animal diseases
[8, 14, 26—-29]. These insights are invaluable in support-
ing the design and implementation of efficient control
and eradication strategies. From our detailed information
about the entire movement data and population data,
we aimed to: (i) characterize single-host and multi-host
(bovine, swine and, small ruminants) contact networks
across 4 years of movement data; (ii) examine the poten-
tial of disease spread from one specific host to a different
host considering animal movements as a transmission
route; and (iii) measure the impact of network-based tar-
get interventions to identify key nodes that could affect
the number of infected premises in each host using a sto-
chastic multi-level susceptible-infected model.

Materials and methods

Daily between-farm movement data from January 2015
to December 2018 of all registered farms with at least one
of the following food animal hosts: cattle, buffalo, swine,
sheep, or goat; were collected under a data use agree-
ment with the Rio Grande do Sul Secretary of Livestock
and Irrigation (SEAPI-RS, 2018) in Brazil. The spatial dis-
tribution of farms by host and municipalities by km? is
presented in the Additional file 1. The data was extracted
directly from the state’s database and included 1 621 374
movement records. Incomplete or inaccurate data includ-
ing movements with missing farm identification, the
same movement origin, and destination, or movements
across state borders (=16 956) were not considered for
the analysis. The final database included 1 604 418 move-
ments and 90 090 619 animals; 944 records were fairs
and events in farms corresponding to 467 nodes, which
represents 0.16% of the total number of premises. Move-
ments to slaughterhouses (34.56%, n =554 487) were not
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included in the network description but were used in the
disease spread model. For descriptive purposes cattle and
buffalo hosts were grouped as “bovine’, and sheep and
goat hosts were grouped as “small ruminants”

Static and monthly snapshots of networks representations
The between-farm total of animals moved (referred
herein as “batch”) was represented as a directed bipartite
graph, g, where each farm was represented as a “node”
and the movements between farms were represented
as “edges” Each edge has a specific node origin, i and a
specific node destination, j. Each host network was ana-
lyzed individually and a full network (which includes
all hosts) was reconstructed using data from all 4 years.
Furthermore, in this static network description, node-
level metrics: degree and, betweenness, were described
by calculating the global mean with their respective con-
fidence intervals of 95%, according to the network-host
and period considered. The monthly snapshots of the
static host networks of the full contact network were
constructed to assess the temporal development of the
network for the whole period of study using a monthly
and yearly time resolution.

For both networks, we calculated network-level metrics
including the number of nodes, edges, and animals; the
diameter of the network; mean of degree; betweenness;
PageRank; global cluster coefficient; and centralization
based on degree. In addition, we also calculated the sizes
of the connected components: Giant Strongly Connected
Component (GSCC), and Giant Weakly Connected
Component (GWCC) (Table 1). Based on the static net-
work, the in-degree and out-degree distributions were
calculated for each species and for the full network.

Contact chains analysis

We used contact chain analysis to describe the tempo-
ral and sequential nodes accessible by the formation
of edges over time. These chains were divided into two
main types: the in-going contact chains (ICC), which
identify the number of farms that could potentially trans-
mit the infection to the index farm over a defined period
arising from the purchase and importation of animals;
and the out-going contact chains (OCC), which can be
used to quantify the number of farms that could poten-
tially acquire infection from the index farm through the
onward sale and export of animals [19, 30].

Dynamic model description

The proposed model was designed to demonstrate the
potential for the spread of infectious animals from one
specific host to a different host, considering only trans-
mission through animal movements. We also measured
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Table 1 Description of network analysis terminology and metrics
Parameter Definition References
Nodes Premises or slaughterhouses [57]
Edge The link between two nodes
Degree This is a node-level metric where we count the number of unique contacts to and from
a specific node. When the directionality of the animal movement is considered, the
in-going and out-going contacts are defined: out-degree is the number of contacts
originating from a specific premises, and in-degree is the number of contacts coming into
a specific premises
Movements The number of animal movements
Diameter The longest geodesic distance between any pair of nodes using the shortest possible [57]
walk from one node to another considering the direction of the edges
PageRank A link analysis algorithm that produces a ranking based on the importance for all nodes in = [58]
a network with a range of values between zero and one. The PageRank calculation consid-
ers the in-degree of a given premise and the in-degree of its neighbors. Here a Google
PageRank measure was used
Betweenness This is a node-level network metric where the extent to which a node lies on paths con- [57]
necting other pairs of nodes, defined by the number of geodesics (shortest paths) going
through a node
Clustering coefficient Measures the degree to which nodes in a network tend to cluster together (i.e, if A—B [57]
and B — C, what is the probability that A — C), with a range of values between zero and
one. Here, we implemented the global cluster coefficient where the number of closed
triplets (or 3 x triangles) in the network was divided over the total number of triplets
(both open and closed)
Giant weakly connected component (GWCC)  The proportion of nodes that are connected in the largest component when directional-  [57]
ity of movement is ignored
Giant strongly connected component (GSCC)  The proportion of the nodes that are connected in the largest component when direc- [57]
tionality of movement is considered
Centralization A general method for calculating a graph-level centrality score based on a node-level [22,57]

centrality measure. The formula for this is C(G) = sum(max(c(w), w) — c(v),v),

where c(v) is the centrality of node v normalized by dividing by the maximum theoretical
score for a graph. This essentially quantifies the extent to which the network is structured
around a minority of nodes, and is quantified as the summed deviation between the
maximum value recorded and the values recorded for all other nodes. Values range from

0to 1, with higher values indicating more extreme centralization, illustrating a relative
reliance or concentration of off- and onto-farm shipments from/to a nodal farm at the
macro-level of the entire network

the impact of SNA centrality metrics in a theoretical node
removal in the network, also referred to as percolation of
nodes, to identify key nodes that should be targeted to
implement control actions. These control actions prevent
farms from receiving or shipping infected animals such as
culling, isolation of animals, increased hygiene measures,
or vaccination [20, 31-33]. So far, many past approaches
are based on static networks where the temporal nature
of animal movements and the vital dynamics (birth and
deaths) of animals inside each farm is neglected. For that
reason, we incorporated within farm and between farm
dynamics through a Susceptible-Infectious (SI) model
using the temporal animal movement data explicitly with
a higher effective contact rate to ensure an efficient dis-
ease transmission over the simulations. Here, each node
removed from the network cannot transmit disease to
other nodes, allowing the quantification of the effec-
tiveness of each strategy by the number of secondarily
infected farms at the end of the simulations.

Within-farm dynamics

We implemented a discrete dynamic stochastic model
that accounts for: (i) the local dynamics that represent
each animal population (bovine, swine, and small rumi-
nants); and (ii) the global dynamics that represent the
interaction within farms and slaughterhouses; using a
time resolution of 1 day. This transmission model frame-
work is implemented using the Siminf R package for data-
driven stochastic disease spread simulations [34] and the
structure is described below.

Here, we tailored the within-farm dynamics to account
for state transition from susceptible,S, to infected, I,
compartments at a rate proportional to a frequency-
dependent transmission coefficient, 8 = 0.7, in the simu-
lated population. This assumed a homogeneously mixing
population, i, within each premises where all hosts had
identical rates of infection. The model considers the
between-farm movements among farms of all species,
therefore considering a real multi-host contact network
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of movement data from January 1% to December 31%,
2018. Of note, we did not explicitly model the heteroge-
neities related to animal space and geolocation, behav-
ioral aspects, or animal categories such as age group for
bovine or farm type in swine farms.

The initial simulation procedure was seeded in 1000
farms for each simulation. This was repeated so that
each single-host farm or multi-host farm was the initial
seeded farm for a total of 100 simulations. Transitions of
animals between the susceptible and infected compart-
ments were modeled as a continuous-time discrete-state
using Gillespie’s direct method continuous-time Markov
chain [34], as follows,

al  BSi;
dr Si+1°

1)

where t represents a specific time in a farm i.

Between-farm dynamics

For the between-farm dynamics, susceptible farms, S;,
can be infected by their contacts via daily animal move-
ments. Within these dynamics, animal movements to a
slaughterhouse destination were considered to be sub-
tracting these animals from the system. The number of
eligible animals moved between nodes and slaughter-
houses were selected according to the daily movement
records for each host. Each draw of animals from S and
I compartments were at random, while the total num-
ber of available animals were based on the official data
provided by [50] for each premises. To assure the stabil-
ity of the farm populations, the animals born alive and
declared to official veterinary service were used as an
“enter event” and were assumed to be susceptible hosts.
We subsequently calculated the number of ingoing and
outgoing animals and the number of animals born and
deceased for the full period of simulation, to update the
animal population in each farm. For any site that has run
out of animals, we reset the original number of animals
reported to the state database [50]; this allows us to avoid
sampling animals from non-existent populations. In Fig-
ure 1, we depict the interaction of the multiscale model
considering both within-farm and between-farm dynam-
ics. At the end of each simulation, the daily number of
secondarily infected farms of each host was calculated.

Simulating network-based targeted percolation

Our analysis utilizes a theoretical percolation of farms
(nodes) to remove nodes and their edges from the net-
work [20, 35, 36]. Thus, these nodes are removed from
the contact network as are all their associated animal
movements, leading to a fragmented network that allows
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us to identify important farms whose removal reduces
secondary infections.

We additionally considered the effect of sequen-
tial removal of farms from the network, based on their
ranked order. Here, we used the static network con-
structed with movement data from 2015 to 2016, and
the full network parameters of degree betweenness and
PageRank (Table 1) to rank farms in descending order.
We then quantify the effect of sequential removal on
the reduction of secondarily infected farms in the host
populations.

Furthermore, a sample of nodes was generated to be
removed to simulate the non-targeted implementa-
tion of control actions from 2017 to 2018. The targeted
farms were removed before model simulation was started
to fragment the contact network, and the number of
infected farms was then calculated at the end of each full
simulation, on day 730 (December 31" 2018). For each
simulation, the number of secondarily infected farms was
grouped by host species and network metric, and uti-
lized in the identification of the key nodes to target with
control actions. In this analysis, the “without control”
scenario is represented as having zero nodes removed
from the network since it represents the total number of
infected farms observed when no control actions have
been implemented. In the subsequent “with control” sce-
narios, all the simulations started with values taken from
the end of the “without control” scenario, after which #
nodes (ranging from 1 to 10 000) were removed and the
impact over the number of secondary cases measured.

Initial conditions and farm selection

Since one of our objectives was to quantify the poten-
tial of a given infected host infecting another susceptible
host(s) via animal transport, we developed scenarios A to
C where the infection was seeded at bovine, small rumi-
nants, and swine single host farms, respectively. Trans-
portation of infected animals across multi-host farms
was the only mode of disease propagation into other
host species sites. In scenario D, infections were seeded
in multi-host farms with at least two species (e.g. bovine
and swine), and in scenario E, farms were randomly
selected from the full network and seeded (Table 2). Each
simulation started with 1000 infected farms drawn ran-
domly from the farm list as the initially-seeded infections
according to the model scenario (Table 2) and repeated
1000 times. In each initial infected farm, 10% of the ani-
mal population was assumed to be infected. Finally, the
distribution of the number of secondarily infected farms
at 5, 10, 15, and 30 days of the simulation was analyzed
and presented according to the proposed list of scenarios
(Table 2).
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Figure 1 Schematic of state transitions for between within-farm and between-farm. A. Green lines indicate introduction events (births) in a
specific farm, i, at a specific time, t, into a susceptible compartment, S. Within-farm dynamics represent farms types with individual hosts (bovine,
swine, and small ruminants) modeled in the stochastic compartmental simulations that classify into Susceptible, S, to Infected, /, states according

to the transmission coefficient 8. The animals that are moved to the slaughterhouse are represented as deaths on the farm, i, at time, t, and are
indicated by red lines. These animals were randomly chosen and removed from the simulation. B. The between farms dynamics layer represents the
number of animals moved (batch), n, from the origin farm, /, to a destination farm, j, in a specific time, t, (indicated by the black dash arrows). The
red arrows represent the unidirectional movements of animals from farms to slaughterhouses. Susceptible individuals were assumed to have never
been infected given the absence of any foreign animal diseases within the study area for more than 10 years [55, 56].

Table 2 Model outputs for the spread of disease and network-based surveillance model scenarios

Model-scenario

Description

Model output

The infection was seeded at bovine farms
The infection was seeded at small ruminant farms

Distribution of infected farms for each host species in the first
30 days

The infection was seeded at swine farms
The infection was seeded at multi-host farms

m O N @ >

The infection was seeded at random farms considering the full
network (all hosts included)

Average farm prevalence of the stochastic simulations by month,
discriminated by host and year

The model described above, where we seeded infection in
each host: bovine, swine, small ruminant farms

Network-based
targeted interven-
tions

The number of secondarily infected farms while removing the
nodes

For the network-based targeted percolation analy-  (iii) infection starting at small ruminant farms. For each
sis, we created three scenarios: (i) infection starting at  scenario, we initiated each simulation infecting 1000 ran-
bovine farms; (ii) infection starting at swine farms, and  dom farms with a within-farm prevalence of 10% similar
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to the procedure described above. In each proposed sce-
nario, we ran the model without removing any node for
100 simulations and then quantified the mean and the
confidence interval of the number of secondarily infected
farms. We then selected one farm to be removed from
the full network, according to a farm-ranked list based on
a specific network metric, and again ran 100 simulations
to calculate the mean and the confidence interval of the
number of secondarily infected farms. We repeated this
procedure by increasing the number of removed farms
by one until 10 000 farms were removed. Therefore, each
scenario resulted in over a total of 1 million unique and
individual simulations which are independent of other
simulations.

Results

The total number of between-farm cattle and buffalo
(bovine) movements were 1 251 615 (78.01%) batches
and 20 773 516 (24.3%) animals, swine were 273 223
(17.02%) batches and 62 292 763 (72.8%) animals, and
small ruminants represented 96 398 (6%) batches and
2731 304 (2.89%) animals.

Bovine farms had the highest number of farms in the
network followed by small ruminants and swine. For
multi-host farms, the largest proportion was bovine
and small ruminants with 10%, swine and bovine with
3.13%, all three host species with 0.37%, and swine and
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small ruminants with 0.04% (Figure 2A). Overall for the
between-farm movements, bovine-to-bovine (41.5%)
movements were the highest, however, 27.6% of small
ruminant movements were between farms with bovine,
followed by swine-bovine movements with 12.83%,
swine-swine movements with 8.42%, small ruminant-to-
small ruminant movements 7.95% and small ruminant-

to-swine movements with 1.7% (Figure 2B and Additional
file 2).

Static network description

As expected, bovine networks had the largest number
of edges (Table 3). Mean betweenness was dominated
by bovine and swine farms, while the clustering coeffi-
cient remained similar among all host species and cen-
tralization was significantly higher among swine farms
(Table 3). When we compared the size of GWCC and
GSCC, bovine farms had the largest connected compo-
nents followed by small ruminants and swine. Similar
patterns were found in the yearly temporal window pre-
sented in Additional file 3.

Distribution of in- and out-degree per host

In Figure 3, in- and out-degree distributions are pre-
sented individually for each host network. In general, for
the full network, in-degree was higher than out-degree
for bovine and small ruminants, while the swine network

Y 224,281
/ (83.25%) \

281,185
(10.46%)

3,789
(1.41%)

Swine

Bovine

0000022 00000%Z
29009z

Small
o ruminants

Figure 2 Farm population and movements among hosts. A. Venn diagram of the number of farms and the proportion of farms among
the three host groups. B. Circular plot for intra- and inter-host movement flows. Each external sector of the circle represents the origin of the
movements where the numbers represent the total of the in-going and out-going movements for each host according to the number of
interactions. The out-going animal flow starts from the base of each sector.
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Table 3 Static network for cattle, swine, small ruminants, and for the full network
Host Nodes Edges Mean Diameter Animals GSCC (%) GWCC Mean betweenness Clustering  Network
degree (%) (Cl1 95%) coefficient  centralization
(C195%)
Swine 13141 75205 114 20 62292763 1885 9788 629319 (477 0.032 0.219
(10.99- (14.34%) (74.34%) 380-781 257)
11.90)
Cattle 261892 840824 64 (636 33 20773516 105609 249742 712451 (670851.1- 0.025 0.003
6.48) (4033%)  (95.36%) 754 051)
Small 32325 51848 32(3.12- 26 1763834 5301 25420 33394 (29 706— 0.028 0.004
rumi- 3.27) (16.40%)  (78.64%) 36821)
nants
Full 277004 1038346 7.12 30 90090619 121975 264908 772436 (706 188- 0.03 0.003
network (7.05- (44.03%) (95.63%) 785513)
7.18)

results indicate that after a degree value of 34 the fre-
quency of out-degree was higher than in-degree.

Monthly snapshots of networks representations

The monthly network representations are shown in Fig-
ure 4. The movements between swine farms have the
highest mean degree, while bovine dominate in nodes,
edges, and diameter throughout the four years. As
expected the swine monthly-snapshot network exhib-
ited a higher number of animals per batch than the other
species. The calculated mean betweenness showed three
unusual peaks for the bovine monthly-snapshot network;
these are related to 49 nodes all associated with fairs,
events, and exportation ports of bovine exportation, each
one with betweenness values greater than 100 000 dur-
ing the peak months, presented in Additional file 4. Small
ruminant networks were steady throughout the four
years. When evaluating the cluster coefficients, bovine
and swine movements remain steady while small rumi-
nants have large fluctuations. The swine network central-
ization was much higher than bovine or small ruminants,
which could be related to how the industry is organized
with the formation of groups of producers with commer-
cial contracts with an integrator [21, 37]. For the GSCC
and GWCC, the bovine monthly-snapshot network fol-
lowed the same temporal patterns with the nodes indi-
cating an important dependency in the number of active
farms, while small ruminants showed a seasonality with
a higher percentage of GSCC and GWCC at the end of
each year. Finally, the swine monthly-snapshot network
exhibited the highest values of GSCC and GWCC, indi-
cating it was the most connected network.

Contact chains
The out-going contact chain (OCC) of the full network
and the bovine network had similar distributions ranging

from 10 to 10 000 farms. The OCC distribution for small
ruminants showed a lower interquartile range when com-
pared with the other distributions, while the swine OCC
showed the largest interquartile range with higher densi-
ties in values above 100 farms (Figure 5).

The in-going contact chain (ICC) of bovine, swine, and
small ruminant distributions follows a similar pattern
of OCC counterparts, however, with lower distribution
sizes. Bovine and small ruminants follow the same pat-
tern, with values clustered between 10° to 10* (Figure 6).
However, the contact chains for swine present very dif-
ferently for both ICC and OCC compared to other hosts,
with a wider interquartile range indicating larger chains
to a wider range of farms. The highest density in the
swine OCC was centered within 100 and 900 values, indi-
cating a larger number of connected farms within that
range (Figures 5 and 6).

In addition, we explore the monthly ICC and OCC
distribution by the host. The result showed similar
distributions between the full network and the bovine
network. However, the swine contact chains presented
higher distributions than the other species, while small
ruminants showed the lowest values but with a tempo-
ral trend with higher values distributions in December
and January. All results are presented in Additional files
5 and 6.

Assessment of secondary cases by host

Simulations were divided by their initial seed infection con-
ditions according to the model scenarios A, B, C, and D. The
estimated secondary cases, represented by the number of
farms for the first 5, 10, 15, and 30 days of the disease propa-
gation, are shown in Figure 7. For all simulated scenarios, sec-
ondary infections were observed across all host species. As
expected, the highest number of infected farms corresponds
to the species where the infection began due to most of the
connections being intra-host. However, the connections



Cardenas et al. Veterinary Research (2022) 53:14 Page 8 of 16
Full network Bovine
10° ° °
0 e
: Se % o
4] °
10 ° === ° :;:.
10°%
101
10' Y
. °
>| L L XN GBeIEe® O O O
% 100- © GRS © OO0 0 O NSNS © OO0 O O Parameter
g_ Swine Small ruminants ° In Degree
@ 10° o Out Degree
e
1041 $
) s
L]
10°% . k
8 o0 .nwio s l'
L]
2
10 . % %—o.:
g
; .'o\ o %
101 2
.;“Q..s. L .
0 (S OGREDeE e © o® o o
109 EREEL e CONEED GRENE—I—
10° 10' 10° 10° 10° 10' 10° 10°
Degree
Figure 3 Distribution of in-degree and out-degree data by host and for the entire network 2015-2018. Each point represents binned data
for frequencies and degree values.

between different hosts across multi-host farms made dis-
ease propagation to other hosts possible. It is important to
note that large variabilities were observed in the distributions
of swine farms followed by small ruminants and bovine,
respectively. Furthermore, when simulations of the infection
started in swine or small ruminants farms, there were no
secondary infections between 5 to 30 days, which could be
due to saturation of the current animal movement connec-
tions. A longer duration of time would be needed for farms
to create movement connections with new farms.

The results are also presented as prevalence in Addi-
tional file 7, to allow for a comparison of the prevalence
between each host. The prevalence is proportional to
the number of farms per host, as the prevalence corre-
sponds to the number of infected host farms divided by
the number of farms that had at least one host species.
Under these model considerations, swine farms were the
most infected species when simulations started in multi-
host farms. Moreover, the prevalence of small ruminants
was higher than bovine for the majority of simulations
with the exception of simulations that started at bovine
farms. For bovine farms, when the simulation began in
any other species, results showed the lowest prevalence
of all hosts (Additional file 7). Additionally, in Additional
file 8, we show the descriptive statistics for the farm

prevalence in the 5, 10, 15, 30 days of spread disease
simulation and total mean prevalence for each month by
host and year starting at all random hosts in Additional
file 9.

Effectiveness of network-based targeted percolation

Based on the simulation and subsequent theoretical removal
of farms in the full network, the most effective network cen-
trality metric throughout all hosts was the degree, followed
by betweenness and PageRank, respectively. In Figure 8, the
area of each color represents the number of infected farms
on the last simulation day (December 31%, 2018) after per-
forming the control action, which involved selecting #
number of farms to be removed according to their ranked
network metrics. The nodes were removed from the total
population, and subsequently, the prevalence in each host
was quantified. For example, in the swine panel, Figure 8,
it is evident that random node removal from the total farm
population is not efficient to break the full network and in
consequence, could not reduce the swine farms prevalence
since the removed nodes are not related to the pig farms’
connections. Whilst, the removal of 1000 farms ranked by
degree was sufficient to reduce prevalence values close to
zero in swine farms, for small ruminants and bovine it was
not possible to reach close to zero infected farms, even with
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10 000 farms removed from the networks. For bovine farms,
the removal of 10 000 farms induced a reduction in preva-

lence from 5% to 1% (Figure 8 on the right y-axis). The list of

the top 10 000 farms ranked by degree includes 5316 bovine
farms, 4080 multi-host farms, 418 swine farms, and 43 small
ruminant farms.

Discussion

In this study, we described between-farm contact net-
works of individual host species and a full network con-
sidering movements among bovine, small ruminants,
and swine farms in one Brazilian state. Using the full
network we developed a compartmental network model
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to assess the potential for disease spread through the
contact networks while considering the implications of
network-based control actions. Based on our descrip-
tive analysis, we found higher connectivity in the static
bovine network, while in the monthly snapshot network
representations and the contact chains analysis we found
higher connectivity in the swine network. In contrast,
small ruminant farms were found to be widely discon-
nected in all network views, monthly snapshot static
networks representations, and contact chains analysis
approaches. In the Susceptible-Infected stochastic multi-
host model, where we seeded infection individually to
each host species, results demonstrated that transmission
to other host-species was not dependent on the initially
seeded species. In addition, we simulated node-removal
from the full network, by ranking farms based on their
network measure (i.e. degree) and subsequently remov-
ing the first 10 000 farms, showing that ranking by degree
would reduce the simulated prevalence by from 5 to 1%
(Figure 8). Thus, we argue that it is sensible for disease
control and surveillance programs that target pathogens
capable of infecting multiple hosts, to consider both the
usual movement restrictions during disease emergencies,
but also surveillance activities such as serosurveillance
at all susceptible species. This is particularly relevant
for foreign animal disease preparedness activities such
as against FMD.

In the static network view, bovine networks accounted
for 80.97% of the total movements and constituted
94.54% of farms in the database, generating the largest
giant connected component sizes (GSCC and GWCC)
and network diameter (Table 2). Within the full net-
work, bovine farms acted as hubs that influenced the
network dynamics by creating the presence of possible
super spreader nodes such as event farms with a high
out-degree, which has been described in other stud-
ies performed in Brazil [3-5]. In the current study, fairs
and events movements represented only 0.16% of the
total volume of all transported animals, which differed
greatly from movement patterns in other countries such
as in the UK where 30.4% of movements were related
to movements to markets [38]. In the monthly snapshot
network representations view, the swine network was
more connected than all other host species, with higher
values of animal movements, mean of degree, centraliza-
tion, and giant connected component percentages. This
is likely because of the pyramidal structure commercial
pig production utilizes to improve performance and pro-
ductivity. Because of such continuous flow, nurseries and
wean to finishers tend to receive and send a great num-
ber of pigs, thus have a higher degree in comparison with
other production types [21, 37, 39]. In contrast, the net-
work connectivity in bovine farms was low despite hav-
ing more than 20 000 edges and high node activity in a
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monthly view. This result was noticeable by the distribu-
tion of the degree parameter, in which all hosts exhibited
power-law distributions, suggesting that these networks
are characterized as scale-free [19, 40]. Additionally, the
degree distribution results could help highlight super-
spreader farms in all host populations through the iden-
tification of farms with several commercial partners that

make a major contribution to disease spread [41]. For
example, the swine network was highlighted as the net-
work with the largest degree, which has been described
previously in the same region [2, 21]. Finally, the analysis
of the small ruminant networks showed a very discon-
nected network with a marked seasonality at the end of
each year but with fewer monthly edges and nodes than
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swine and cattle farms, despite having more registered
farms than the swine production in the full network.

Our modeling results showed that regardless of which
species was first infected at the beginning of the simu-
lations, secondary infections were detected in all farm
types. This indeed is likely associated with the network
structure and how food animal populations and produc-
tion are organized in the study region. However, to the
author’s knowledge, this is the first in-depth characteriza-
tion of a multi-host animal networks in Brazil. We argue
that uncovering the interconnection among multiple
species is of great relevance because most disease con-
trol programs are centered in only a single species, often
neglecting the potential of disease introduction from a
different host species (e.g. FMD, influenza).

When infection started in multi-host farms the distri-
bution of the final number of infected farms at the end
of the simulation, bovine farms had a higher median
than the other species, while the swine farms showed
broader distributions compared to small ruminants and
bovines. This may be explained mainly by how commer-
cial pig production is organized, often extremely verti-
cally integrated with a high volume of pigs moving from
farm-to-farm based on age/production phases. Finally,
in all scenarios with simulations seeded in a single host
(i.e. swine) the estimated number of infected farms at
30 days post-seeded infection was higher than the simu-
lations which seeded infection in the multi-host farms.
This is because the connectivity of single host farm net-
works allows for the spread of disease quickly, infecting
more farms of the specific host species in the 30-day time
frame than when the disease is started in a multi-host
farm. Similar patterns have been observed in past epi-
demics, such as the FMD [14, 15, 26, 42, 43] where multi-
host farms had a role in infection propagation.

We used our proposed model to also simulate network-
based interventions, thus we used node-removal strat-
egies to test control actions. Targeting and removing
farms sequentially based on network metrics, was most
impactful when the degree was used. This reduced the
expected number of infected farms from~5% to~1% in
the bovine network (degree), 0.6% to~0.01 in the swine
network (degree), and ~1 to~0.025% in the small rumi-
nant network (degree). In contrast, random node removal
was the least efficient in reducing secondary infections.
An unexpected result was that for small ruminants, ran-
dom removal of nodes had a better impact in reducing
transmission than using PageRank network metric, partly
because this network is more disconnected compared to
the other host-networks which leads to PageRank fail-
ing to recognize important farms for the spread of dis-
ease. Previous studies that also utilized large datasets
and similar node-removal approaches but in single host
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networks, reported similar results as ours, especially for
bovine networks [33, 35, 44, 45] and swine networks [21,
37, 41]. Studies that considered more than one host spe-
cies and network-based target control actions reported a
larger reduction in the expected number of cases directly
generated by one case in a population, size of the con-
nected components, and the number of infected farms
using degree-based interventions [10, 14]. An important
limitation of the studies listed above is the use of static
networks which could have overestimated the connec-
tivity of those networks [14, 20, 45]. Therefore, we argue
for the need to consider temporal models, such as our
contact chain analysis, when developing network-based
target approaches, because it considers the temporal
order of the connections and avoids over-connectivity
of the static networks [20, 45]. Furthermore, network
analysis approaches have been widely used recently; the
great majority centered on describing the contact net-
works of a single species, here we cite just some relevant
examples [2, 18, 32, 39, 40, 46—48], however, only a frac-
tion of studies have explicitly considered the interaction
of possible contacts among more than one species while
constructing their transmission networks [7-9, 11-13,
15, 16, 49]. While single host networks are informative,
they are likely to underestimate the epidemic propaga-
tion of pathogens capable of infecting multiple species
[26, 50-53]. Our results reinforce the relevance of includ-
ing data, when available, of all susceptible host species
while developing regional disease preparedness activities
into disease surveillance systems and agree with previous
literature which reported better performance of temporal
network measures in identifying farms that could be tar-
geted to reduce the secondary number of infections [39].

Limitations and further remarks

Our main goal in this study was to quantify the role of
multi-host farms in disease transmission via contact
networks and identify hubs in the networks. Therefore,
while we are aware that fomites such as delivery trucks
and local-area spread are important for disease propa-
gation [50, 54], we have not included such transmission
pathways in our model nor have we included the hetero-
geneity present in disease transmission for any specific
disease. However, in future work, we will specifically
set transmission coefficients for each host species (e.g.
swine, cattle) interaction, and incorporate spatial trans-
mission within a full network model to model, for exam-
ple, the spread of FMD. Additionally, we did not consider
animal level dynamics (i.e. age, commercial versus back-
yard swine farms) so the risk each animal posed for dis-
ease transmission was assumed to be the same, which
could contribute to an overestimation of the transmission
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potential. Similarly, this is not an individual-based model
so we cannot individualize the results for a specific indi-
vidual or calculate the time that an animal spends on
each farm. Furthermore, we are unable to quantify the
effect of other between-farm movements such as vet-
erinarians and employees, which may contribute to the
transmission through indirect contacts.

Using a stochastic network model, our results demon-
strate that outbreaks starting in a particular host species
resulted in outbreaks on farms with all other host spe-
cies. Small ruminant farms, despite the lower number of
nodes in the network, share a large number of contacts
among other host-nodes in the full network. In addi-
tion, our multi-host network-based intervention model
showed that identifying and deploying surveillance to the
10 000 farms with the largest degree, regardless of host-
species, would reduce more than 70% of the simulated
transmission. Ultimately, this study helps to understand
the temporal variation in between-farm movement fluc-
tuations and the topology of each contact network, as
well as the similarities and differences among the three
species’ movement dynamics.
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