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ABSTRACT

The animal trades between farms and other livestock holdings form a complex livestock trade network. The movement of animals between
trade actors plays an important role in the spread of infectious diseases among premises. Particularly, the outbreak of silent diseases that have
no clinically obvious symptoms in the animal trade system should be diagnosed by taking special tests. In practice, the authorities regularly
conduct examinations on a random number of farms to make sure that there was no outbreak in the system. However, these actions, which
aim to discover and block a disease cascade, are yet far from the effective and optimum solution and often fail to prevent epidemics. A testing
strategy is defined as making decisions about distributing the fixed testing budget N between farms/nodes in the network. In this paper, first,
we apply different heuristics for selecting sentinel farms on real and synthetic pig-trade networks and evaluate them by simulating disease
spreading via the SI epidemic model. Later, we propose a Markov chain Monte Carlo (MCMC) based testing strategy with the aim of early
detection of outbreaks. The experimental results show that the proposed method can reasonably well decrease the size of the outbreak on both
the realistic synthetic and real trade data. A targeted selection of an N/52 fraction of nodes in the real pig-trade network based on the MCMC
or simulated annealing can improve the performance of a baseline strategy by 89%. The best heuristic-based testing strategy results in a 75%
reduction in the average size of the outbreak compared to that of the baseline testing strategy.
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This research investigates different testing strategies, which are
worth to be implemented by authorities to detect the outbreaks
as early as possible. The final goal is finding the optimal test-
ing strategy in terms of the outbreak size, considering a limited
overall testing budget N. Compared to testing a large number of
randomly selected nodes once a year, targeted and much more
frequent testing of a sensible selection of much fewer nodes
based on the local network measures or the farm characteristic
is substantially more effective in reducing the average number
of infected animals at the time of outbreak detection. After dis-
cussing several heuristics for choosing these nodes, we study a
Markov chain Monte Carlo (MCMC) method to determine those
sets of nodes that are influential to be targeted as regular testing
points to reduce the expected number of infected cases. We find
that it outperforms heuristics significantly and can be improved

further by incorporating insights from heuristics as well as sim-
ulated annealing. On sampled real-world networks and realistic
synthetic networks, both these further improvements perform
comparably well.

I. INTRODUCTION

Large-scale outbreaks of animal diseases have been a major
concern in many countries in the last few decades, for example,
foot and mouth disease in the UK in 2001' and the swine fever epi-
demics in the Netherlands and Germany in the 1990s and 2003.” The
African swine fever (ASF) was first endemic in most of Africa, then
jumped to Georgia and Russia, became a major outbreak in Eastern
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Europe’ in 2007 and later on in China in 2018-2021." China’s out-
break of ASF in 2018-2021 was more devastating than expected.™®
This virus reappeared after 40 years again in the U.S. in 2021 and in
15 countries in Asia. Therefore, studies of such spreading dynamics
are crucial for both public health and economic reasons.

The translocation of both domestic and wildlife animals plays
a significant role in the emergence of new diseases and the spread
of fatal viruses, which threaten not only animals but also human
health.””"” Trading of susceptible host animals is an important com-
mon theme in the introduction of exotic animal diseases or zoonotic
human pathogens, such as monkey pox, SARS, Ebola, MERS, and
probably COVID-19.'>'*** All these can lead to irreparable impacts
on society, the global economy, and public health.>>*=** Therefore,
limiting the damages caused by infectious diseases is an important
challenge for governments. Early detection of an outbreak is very
important and gives sufficient time to public health officials for
disease management and implementation of countermeasures on
a smaller scale of the population, which is not only easier but also
more cost-efficient” and is the goal of this study.

Our case study is the pig-trade system in Germany. Some rare
disease outbreaks might happen in this system. These diseases have
a silent spreading phase, which means that there is considerable
time between catching the disease and showing sufficiently clear
symptoms to be diagnosed (this is called the “inconspicuous time”);
hence, it should be identified by testing.

Therefore, active surveillance is crucial in this system for dis-
covering the propagation of this kind of disease in advance. For
this reason, authorities regularly conduct examinations on a random
number of farms to make sure that the system is safe, but this ran-
dom testing strategy as we show in the next parts is far from the
optimum solution and, therefore, fails to prevent epidemics. There-
fore, the European Union (EU) recently urged states to use more
intelligent strategies and what they call a “risk-based” test design.
The goal of this study is to find a near-optimal testing scheme for
the early detection of disease outbreaks in animal trade networks.

Testing strategy is defined as making decisions for assigning the
testing budget to farms. This decision can be described as a vector,
including n entries; each one shows the amount of budget assigned
to one farm. The overall testing budget N describes the maximum
number of tests that can be carried out during the observation period
(usually one year). In this paper, we investigate different testing
strategies for finding the optimal set of farms as the sentinel set,
which is defined as

S={vo,v1i - Vihev- (1)

v; shows the ith sentinel node, a farm that is selected by a testing
strategy as a regular testing point. k is the number of sentinels. Both
v; and k are outputs of a testing strategy. Therefore, the testing strat-
egy consists of decisions about how many farms, which farms, and
how often each farm (number of times per year) should be tested. In
current practice, all farms are tested once a year and the testing time
is completely random; we call this the “baseline” strategy. There-
fore, the overall testing budget N is equal to the number of farms
n. Instead of testing each farm once a year, we aim to test a small
subset of so-called sentinel farms S more frequently, which is more
rational based on the budget at hand.

ARTICLE scitation.org/journalicha

The size of an outbreak at the time it is detected is considered
the objective function and the selection of sentinels as the control
variable of our optimization problem. For estimation of the outbreak
size, the susceptible-infected (SI) epidemic model is employed in the
simulation of the spreading dynamics. Ignoring later epidemic state
transitions, such as the removal of animals due to death or recov-
ery in our model, can be justified since we are interested in diseases
where the initial spreading is much faster than these later transitions.

The rest of this paper is organized as follows: Sec. II describes
the datasets that are used in this paper. Various heuristics for finding
sentinels are discussed in Sec. I1I. In Sec. V, we develop a sentinel
selection strategy based on Markov chain Monte Carlo (MCMC)
and simulated annealing (SA) and show that it outperforms the
studied heuristics. Finally, the paper is concluded in Sec. V.

Il. MATERIALS AND METHODS
A. Real dataset

HI-Tier is a comprehensive database that provides the daily
description of pig movements in the pig-trade system of Germany
since 2006.”° In this study, we use an extract of this database, which
contains all trades among pig farms/holdings in Germany between
January 1,2011 and December 31, 2014. This dataset includes a set of
transmissions that comprise information about the seller premise’s
identifier as the source of movement, the buyer premise’s identifier
as the target of movement, the number of animals (i.e., the batch
size), and the date of movement. Our dataset contains more than
6.2 x 10° of such transmissions between 57 590 premises.

1. Network representation

The pig-trade system can be represented as a transmission net-
work G = (V, &) , consisting of a set V of farms as the nodes of
the network and a set of movements between farms as edges &,
where every edge (i, j,t,w) is a directed weighted link denoting a
transmission of w animals from farm i to j on day .

Therefore, the pig-trade network is a large weighted directed
transmission network. In addition to the edge weights w, also, the
nodes can be weighted by their “capacity,” representing the maxi-
mum number of animals that can reside there at any time, and this
information can be useful in selecting sentinels. The farm capacity
is a very important factor in the outbreak detection and also in the
system modeling. Since these data were not directly available in the
dataset, we estimate the shape of the distribution from the cumula-
tive trading balance (incoming minus outgoing pig) in the available
data as described in Ref. 35. Table I shows some properties of the
German pig-trade network.

B. Realistic synthetic dataset

Access to animal trade data is essential for research in the field
of animal epidemiology, but in most cases, they are confidential or
unavailable. In an earlier study, we proposed a temporal network
model for animal trade systems that generates synthetic data sets
with realistic features.”” In addition to the only real data set that
we had access to, 100 generated realistic synthetic networks with
n=1040 and e= 13500 from that model are used in our
experiments.
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TABLE |. Standard network properties of the temporal German pig-trade network.
GSCC is the giant strongly connected component, GIC is the giant-in component,
and GOC shows the giant-out component.

Property Value
Number of nodes 57590
Number of edges 6241634
Edge density 108.381
Modularity 0.70
Average path length 5.65
Diameter 19
Size of GSCC 46%
Size of GIC 34%
Size of GOC 10%

The relevant topological features and the capacity distribution
of both the real and realistic synthetic networks that distinguish
them from standard network ensembles, such as random, random
geometric, small-world, or scale-free networks, are described in
Refs. 14 and 35.

I1l. HEURISTICS METHODS

As mentioned in Sec. I, we aim to select a small subset of impor-
tant farms from all animal holdings as sentinel set S (i.e., testing
points).

Since our data are modeled as a network, one idea is to look
at network measures to identify important nodes in the network.
There are many studies available on finding important nodes in the
networks, mainly, degree, closeness centrality,”” k-shell centrality,”
and betweenness.” In a directed network, node degree measures
the number of incoming and outgoing links attached to each node.
Closeness centrality ranks the nodes based on their closeness to all
other nodes in the network and betweenness measures the number
of shortest paths that pass through each node. At first, we examined
all of these methods for finding important nodes on a small realistic
synthetic network of 120 nodes.

Our preliminary experiments show that the k-shell is not a
good choice for our purpose in comparison with other measures.
K-shell centrality assumes that nodes in higher shells are more
important than nodes in lower shells. While this may be true in
some cases, it may not always hold in disease spreading scenarios.
For example, a node that is located at the periphery of the network
may be less connected overall but may be a key link between dif-
ferent parts of the network and, thus, have a significant impact on
disease spreading.’”*" Overall, closeness provides the best results.
Since computing the closeness of all nodes in a network is highly
expensive, especially for a large network, we have used degree as one
of the heuristics in later experiments. Using the degree is a simple
method with comparable performance to closeness centrality and
can be easily applied on very large networks.

In this section, we consider three heuristics for selecting a
certain number k > 0 of sentinel nodes:

o the k nodes with the highest degree,

ARTICLE scitation.org/journalicha

o the k nodes with the highest number of incoming transmissions
(HIT), and
o the k nodes with the highest capacity.

At first, we apply each of these heuristics to the input network
to find S by selecting k nodes as v; in S. Next, the SI simulator is used
to evaluate the performance of each heuristic in terms of the out-
break size, estimated by the expected total capacity of all nodes that
are infected at the time the outbreak is detected either by a test or
by the end of the inconspicuous time. In the SI simulation, initially,
all nodes are in the susceptible state but the one randomly selected
as the initially infected node. This infected node can transmit the
disease via the transmission links with an infection probability of
B > 0, which is set to 0.5 in our experiments.

How does our SI simulator work? The spreading process here
is dynamic: We suppose that the outbreak initiates from a single
node in an arbitrary time step. Assume that the node i is infected
at time step f;. Each neighbor j of this infected node potentially has
the chance of being infected if their trading activity occurs after
the infection time of i [i.e., there exists a link (i,,#,w) such that
' >= t,’].

Our network is temporal (each trading link has a time prop-
erty). Therefore, the simulator compares the time of link/trade with
the infection time of source of that link to see whether this link
could carry the pathogen to the destination or not. Therefore, both
causality and the infection probability are considered in the spread-
ing process of a disease in the SI simulator. The spreading process
continues until reaching one of the pre-selected sentinel nodes in S.
At this step, one test is performed if the test result is positive and
the outbreak is detected at this node and the simulation terminates.
Then, the total number of animals in all infected nodes is calculated.
The objective function is then estimated by taking the average of
this quantity over 10 000 independent SI simulations with the same
selection of sentinels. If the test result is negative, then the simula-
tion continues until the end of inconspicuous time, which will be
discussed in Sec. ITT A.

For simplicity, we suppose that all animals in an infected farm
will get the infection. The tests for infection can produce false neg-
ative results, meaning that even a test at an infected node might not
detect the disease. Therefore, we consider false negative rate = 0.1
in the simulations. Again, for simplicity, we assume that this prob-
ability is equal for all premises and constant over time. Of course,
the tests might also produce false positive results, mistakenly declar-
ing susceptible nodes as infected. However, as we want to focus on
detection, errors of this type will be disregarded. To validate the per-
formance of a sentinel selection strategy, all results are reported on
100 networks. The performance of a sentinel selection strategy is
then assessed by the average value of this estimate over all considered
networks using for each network the concrete sentinel set produced
by the considered strategy. The external parameters of the SI sim-
ulation are the infection probability 8, the number of sentinels k,
and the inconspicuous time of the disease, which will be discussed
in Secs. [1I A-III C.

A. The impact of disease inconspicuous time

Inconspicuous time refers to the time period between the
beginning of the infection and the appearance of clear symptoms
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that make the infection obvious and, hence, immediate detection
without testing. Since various silent diseases have different incon-
spicuous times, we studied their impact on the outbreak size by
considering a range of values in our simulations to provide a com-
prehensive evaluation. Figure 1 shows that the larger the inconspic-
uous time, the more the heuristics outperform the baseline (testing
each farm once a year).

B. The impact of the number of sentinels

A key issue affecting the test strategy is the number of sentinels,
k. Considering a fixed and given budget N, which leads to a fixed
number of tests, our experiments in the latter parts indicate that it
is better to have a smaller number of sentinels while testing them
more often (see Fig. 4). The figure shows that picking a small set of
40 nodes out of 1040 as sentinel and testing each of them biweekly
(resulting in a total number of tests N = 1040 per year equal to the
baseline) provides the best results. Precisely, regardless of the testing
strategy that is used, choosing a smaller or larger number of nodes
increases the number of infected cases.

C. The effect of infection probability

Another important parameter in the SI simulation is the infec-
tion rate 8, which means the probability of disease transmission
from one node to its neighbors in the network. Our simulations vali-
date the obvious expectation that a larger infection rate increases the
number of infected cases. More interestingly, the higher the infec-
tion rate, the more our heuristic selection strategies outperform the
baseline.

A)

-+ Degree
6000+ __ HIT

—— Capacity
5000 1 —+— Baseline

4000

3000 -

Average number of infected animals

T T T T T T T

0 15 30 45 60 75 90
Inconspicuous time(day)
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Therefore, for highly contagious disease testing, a number of
randomly selected farms can lead to adverse results, such as unex-
pected growth in the number of new cases should be controlled in
proper time or otherwise, the outbreak will cause an epidemic.

IV. APPLYING AN MCMC METROPOLIS-HASTINGS
ALGORITHM

In a different epidemiological optimization problem (that of
removing links from a contact network between people in order
to increase the epidemic threshold), we have recently success-
fully applied a Markov chain Monte Carlo (MCMC) Metropo-
lis-Hastings algorithm"* as a form of an (approximate) optimization
algorithm to select positions in a network relevant for counteracting
epidemics (in that case, selecting edges for removal from a contact
network to prevent further spreading, rather than selecting nodes for
surveillance as in our current setting). This motivated us to examine
the MCMC-based optimization method also in this context for find-
ing a good set of sentinels. The input of the MCMC algorithm in our
case consists of a network, the number of sentinels k, a strategy for
generating a candidate proposal in each MCMC step, the parameters
of the target function that is used for evaluating candidate proposals,
a probability function for turning this evaluation into an acceptance
probability, and the number of MCMC steps/iterations. The follow-
ing probability distribution function was employed in our MCMC
simulation:

pole) = €6, 2

Here, G is the input network, v is the inverse of thermodynamic
temperature as defined in the Maxwell-Boltzmann distribution,” ¢
is the candidate/proposal set for S in each MCMC step, and I(c) is

B)

175000 — oo
0| - S22
125000 1
100000 -
75000
500001
25000 1
0]

T T T T T T T

0 15 30 45 60 75 90
Inconspicuous time(day)

FIG. 1. The impact of disease inconspicuous time on the size of the outbreak, which is the average number of infected animals at the time the outbreak is detected by
various heuristic testing strategies. It shows that in addition to increasing the outbreak size, larger inconspicuous times lead to much larger differences in the performance
of heuristics and the baseline strategy in both realistic synthetic and real networks. (a) Result of SI simulation on an ensemble of 100 realistic synthetic networks for each
network n = 1040 and e = 13 500. (b) The Sl result on an ensemble of 100 real networks, n = 57 590, e = 810 000.
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the value of the objective function, which is the portion of popula-
tion getting infected at the time of infection detected by one of the
sentinel nodes in ¢, averaged over 10 000 SI simulation runs.

A. MCMC algorithm

Initialization. We set v = 100, mcmc — step = 1000 000, num-
ber of nodes n =120 and n = 1040 for realistic synthetic and
n = 57590 for real networks. The number of sentinels k varies
depending on the budget or the number of tests; for example, it
could be once a year for every farm, and therefore, the total num-
ber of tests is the same as the number of nodes/farms. We consider
a fixed budget N = n and a different number of sentinels, such as
k= N/52,N/26,N/12, and N.

1. The algorithm starts from a set of k randomly chosen sentinel
nodes as initial state ¢, in the search space.
2. In each step t of the MCMC algorithm:

(a) Generate a new candidate ¢’: by swapping one node between
the current sentinel set ¢, and the remaining nodes (non-
sentinels) in the network.

(b) Use the temporal-SI simulator to evaluate this candidate (by
averaging over 10* independent SI runs) and compute the
average number of infected animals over all runs.

(c) Calculate the acceptance rate o with the probability distri-
bution described above:

o = min(1, p(c)/p(c)). (©)

(d) Accept or reject:
e Generate a uniform random number u.
e Ifu < o, then accept the candidate by setting ¢;y; = ¢ and
this is the new state in the Markov chain.
e If u > «, then reject the candidate by setting ¢, = ¢
therefore, no movement in the search space is done.
3. Repeat step 2 MCMC-step times.

The number of iterations or essential MCMC steps for approx-
imate optimization is an external parameter of the method that must
be adjusted for the particular problem at hand. We started with 1000
steps and increased it gradually to 10 000 and then to 1 000 000 to see
when it reaches a low steady state. The black curve in Fig. 2 shows
how standard MCMC decreases the average size of an outbreak at
the time of detection on an ensemble of 10 realistic synthetic net-
works, each of size 120 nodes. We can see that the average size of
the outbreak by selecting the best sentinel set found in the standard
MCMC s 2.03.

We applied heuristics and baseline on the same network to have
a better understanding of the ability of the MCMC algorithm to find
good sentinel sets. The value of the objective function for the best
heuristic is 2.70 and for the baseline is 3.20. Therefore, the normal
MCMC can improve the best heuristic by 25%, but still, the num-
ber of infected farms is above 2. Therefore, in Sec. IV B, we try to
decrease this value by improving MCMC.

B. Improving the MCMC performance

In this section, we introduce several ad hoc methods for
enhancing the MCMC performance. In simple MCMC, the tem-
perature parameter is fixed during the algorithm, resulting only in

ARTICLE scitation.org/journalicha
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FIG. 2. Different ad hoc methods for improving MCMC performance on an
ensemble of 10 realistic synthetic networks, each with 120 nodes. The MCM-
C-based optimization starts with either k random nodes (RD) or the k highest-de-
gree nodes (HD) as sentinels. To generate the next candidate, one sentinel is
replaced by a random node, with a uniform probability, or probability proportional
to its distance to the other sentinels (DS) or to its degree (Deg). SA, simulated
annealing. The objective function is here the expected number of infected farms
(rather than animals). The HD version outperforms the RD one. Interestingly, sim-
ple simulated annealing without the other features seems to outperform the other
strategies here. Still, the standard error of estimating the objective function by the
average number of infected farms over 1000 S| simulations in the SA strategy
(dotted red curve) shows also that MCMC-Deg-HD and some other strategies
give comparable results.

approximate optimization. A related problem is that temperature-
induced exploration, which is helpful in initial steps to avoid trap-
ping into local optima later, prevents the fine-tuning needed for
precisely locating the optimum.

The standard solution for this problem is using simulated
annealing (SA), which decreases the temperature gradually from an
initial positive value to zero, similar to reducing the exploration rate
gradually in other machine learning approaches. The yellow curve
in Fig. 2 shows that SA (orange curve) improves the performance of
MCMC and decreases the average size of outbreaks in the realistic
synthetic data compared to normal MCMC (black curve).

Another idea is to start MCMC from the set of highest-degree
nodes instead of a random set. This can help to avoid over-sampling
of very low probability regions, and by doing this, we trim off the
front of the Markov chain and shorten the path to settle into the
equilibrium state (blue curve).

The method for generating proposals is another important
part of MCMC. We consider different ways of sampling to not go
far away from the high probability regions. In our basic MCMC
algorithm, we find new samples by swapping randomly one node
between the current set of sentinels and the rest of the nodes. We
consider two alternative methods:

e selecting the next sentinel node with a probability proportional
to the average distance of that node to the current sentinel
set. This favors nodes that can detect outbreaks that the other
sentinels would detect only much later.

Chaos 33, 043144 (2023); doi: 10.1063/5.0125434
Published under an exclusive license by AIP Publishing

33, 043144-5

20:9% :TT 9202 |14dv TO


https://aip.scitation.org/journal/cha

Chaos ARTICLE

scitation.org/journal/cha

FIG. 3. Sentinel points found by MCMC on a realistic synthetic network n = 120; each color shows one community in the network and the smiling faces mark the optimal
set of sentinels as selected by the algorithm. Most community centers are chosen as sentinels. The other sentinels chosen form bridges between communities. These nodes

are linked to the centers of three or four communities.

e Selecting the next sentinel node with a probability propor-
tional to the degree of that node. Therefore, the node with
higher connections has more chance to be in the new sample
set.

To find the farthest node to the current sentinel nodes, the
average distance between each of the non-sentinel nodes and the
current set of sentinel nodes is computed. Then, with a probability
proportional to this distance, one node is selected as new sentinel
and added to the current set and one of the current sentinels is
randomly dropped out. Therefore, the farthest node has a higher
chance to be chosen. It should be noted that this method is not
time-consuming since the distances between all pairs of nodes are
once calculated and stored before execution of the algorithm. In the
heuristic section, we observed that higher degree nodes are good
candidates for sentinel points. Therefore, our second method ben-
efits from this insight in the sampling stage. We played around
with these two methods and the combination of them with the idea

of simulated annealing and changing the initial state in MCMC as
depicted in Fig. 2. The results show that among them, applying sim-
ulated annealing (MCMC-SA) and a combination of starting from
higher degree nodes and degree-based sampling (MCMC-Deg-HD)
obtain better results. Therefore, we selected these ad hocs and apply
them to the rest of the experiments.

In addition to the performance of the testing strategy, another
output of the simulation is the nodes selected by that strategy. There-
fore, we do some analysis on the characteristics of these nodes and
also their positions in the network. Figure 3 shows the location of
sentinel nodes on a small realistic synthetic network of 120 nodes.
The network consists of six communities depicted in different col-
ors, as detected by the community-detection algorithm in Gephi.**
The ten sentinel points, which are found by the MCMC-Deg-HD
method, are marked by a smiling face.

Half of the sentinel nodes are centers of some community
except the center of the red community, which is a slaughter-
house. We disregarded slaughterhouses as potential sentinels in our
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FIG. 4. The performance of all methods on an ensemble of 100 realistic synthetic
networks with 1040 nodes and 13500 edges. Targeted selection of 40 nodes
using any of heuristics, MCMC or simulated annealing (SA), which means that
testing these nodes every two weeks results in the minimum number of infected
cases. Selecting more or less than 40 nodes increases the average size of the
outbreak. Additionally, testing strategies based on MCMC or SA outperform all
other strategies.

analysis since in a slaughterhouse, the pathogen cannot spread
because animals are killed upon arrival, and therefore, testing only a
few animals at a slaughterhouse would not reveal an infection of any
of the other animals killed there. Further analysis shows that any
outbreak from this community is immediately detected by one of
the sentinels in the neighboring communities, as 12 out of 14 nodes
in this community with only one link are connected to the centers of
other communities or close-by sentinels. A close look into the loca-
tions of sentinels shows that they are almost evenly distributed over
the network, and five remained sentinels are those nodes that form
connections between communities.

One important question is which farm type is better to be tar-
geted as a testing point? We do further analysis to answer this
question.

There are different types of farms in the pig-trade network,
consisting of breeding farms, fattening farms, traders, and slaughter-
houses. The pork production chain begins with breeding and goes
through traders, fattening, and traders and ends with a slaughter-
house. Therefore, traders are between different pig growth stages,
and most of the transactions in this area are done through them.
After checking the type of sentinels, we noticed that they are either
traders or fattening farms.

Therefore, in designing a test strategy, health policymakers
should consider that between a breeding farm with a higher num-
ber of trade connections/transactions and a neighboring fattening
farm with a smaller connection, it is more appropriate to pick the
fattening farm as a testing point. The reason is that testing a breed-
ing farm can only detect the outbreaks that start from that farm
not more since it is placed at the beginning of the production chain
but testing a fattening farm increases the chance of detection for all
outbreaks that start from any breeding or trader farms connected to
this farm.
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FIG. 5. Performance of the studied testing strategies for different numbers of
sentinel nodes. Each box-plot shows how the expected outbreak size at the time
of detection varies in an ensemble of 100 realistic synthetic networks with 1040
nodes and 13 500 edges. The expected outbreak size for each single network is
estimated by running 10000 S| simulations and summing up the capacities of
nodes infected at the time of detection. The red marker shows the mean for each
category.

After successfully applying MCMC on small realistic synthetic
networks, we choose simulated annealing and the improved ver-
sion of MCMC (MCMC-Deg-HD) and apply them on a larger
network. The efficiency of each testing scheme in limiting the
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FIG. 6. Performance of the studied testing strategies on an ensemble of 10 real
pig-trade networks with 57 590 nodes and 810 000 edges. Each point shows the
estimated expected number of infected animals at the time of detection for one real
network. The different colors show the influence of the number of nodes selected
as sentinels (k = N/12, N/26, or N/52). In all studied methods, selecting only
1/52 of nodes and testing them weekly performed significantly better than, e.g.,
selecting 1/26 of nodes and testing them biweekly. MCMC and SA clearly outper-
form all other strategies. The standard error in the averaging of infected cases
over all 1000 Sl runs and all 10 networks is on average 500 for heuristics and
1200 for MCMC and SA strategies.
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FIG. 7. MCMC and simulated annealing substantially decrease the number of
infected animals obtained by best heuristics on real pig-trade data.

outbreak size is depicted in Fig. 4 and as a grouped box-plot
in Fig. 5.

The performance of HIT has a range very similar to the degree
strategy but generally choosing farms that have more purchasing
transactions (HIT) leads to fewer infected cases. The testing strategy

ARTICLE scitation.org/journal/cha

based on HIT makes a 44% reduction in the outbreak size compared
to the baseline method. Applying the MCMC and SA strategies
results in an even more reduction of 55%.

C. MCMC on the real network

Finally, we conduct the experiments on a real pig-trade dataset
to find the best testing scheme in a real-world application. To assess
the performance in terms of accuracy, similar to the experiments
on realistic synthetic networks, we used an ensemble of 10 net-
works extracted from the real dataset, each containing a different
non-overlapped 180-day time window of the transmissions.

Figure 6 shows the estimated average number of infected ani-
mals at the time of detection of an outbreak for each of these real
networks for different testing strategies and numbers of selected
sentinels. At first glance, the figure reveals that all testing strate-
gies outperform the baseline much higher than the realistic synthetic
dataset. Also, there is clear discrimination between the results of dif-
ferent sizes of S compared to that of a realistic synthetic network in
Fig. 5.

As it was mentioned in Sec. III B, one tunable parameter
is the fraction of nodes, which is important and necessary for
surveillance goals. We infer from the plot that the choice of

FIG. 8. Sentinel nodes found by MCMC on the real network after applying some filtering in Gephi. Each color shows one community (federal state) in the network, and the
smiling faces mark the optimal set of sentinels as selected by the algorithm. Most community centers are chosen as sentinels except those that are of type slaughterhouse
(for example, the two big green nodes) or breeding. These farms are at the beginning or at the end of the pork production chain and, therefore, are not good for monitoring
purposes. The other sentinels are chosen from bridges between communities. It turns out that they are all fattening farms, i.e., in the middle of the pork production chain.
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k = N/52 sentinel nodes results in the smallest outbreak size for
a real dataset. Choosing an even smaller number of nodes than
N/52 would mean testing them more often than weekly, which is
hardly feasible in practice because of time and resource constraints.
Therefore, we do not consider smaller numbers of sentinels in our
simulations. For small realistic synthetic networks, the best choice
had appeared to be k = N/26, while for the large real networks,
it is k = N/52. If k = N/52, nodes are selected and tested weekly
rather than all nodes tested yearly, and MCMC and SA reduce the
average outbreak size by 89%. In the exemplary MCMC-SA runs
shown in Fig. 7, we see that at certain points during the evolution,
the algorithm finds innovative candidates that improve the objec-
tive considerably in just a single step. In view of the example result
shown in Fig. 8, we speculate that these improvements correspond
to adding a sentinel node that can detect outbreaks originating in a
region of the network not well covered before, such as a center of
a network community or a bridge node between communities. The
second best method is the “highest incoming transmission” (HIT)
heuristic with a 75% decrease.

Another insight from these experiments is that, at least in the
German pig production system, a good option, if there were no data
on trade at all, would be to simply choose the N/52 largest farms
(as done by our strategy “Capacity”), which performs only about 4%
worse than HIT.

V. CONCLUSION

The outbreak of silent diseases among animal holdings can lead
to huge economic loss and threatens public health. Regular test-
ing of farms is one solution that authorities follow in practice to
detect outbreaks earlier, which then gives them enough time for
implementing the appropriate countermeasures. Recently, the EU
urged member countries and states to perform this testing in a
more intelligent, “risk-oriented” way considering the constraints on
budget, human resources, and medical facilities.”” In this study, we
investigated different testing strategies based on the network mea-
sures, farm capacity, and MCMC on both the realistic synthetic and
real data. The results confirm that MCMC and simulated anneal-
ing outperform all other strategies in terms of the estimated average
number of infected animals at the time of detection (“outbreak
size”). While simulated annealing provides a smaller outbreak size
compared to degree-based MCMC on small networks, both have
nearly equal performance on larger networks. Another advantage
of simulated annealing is that it converges very fast compared to
the MCMC. However, both simulations are numerically sophisti-
cated and computationally expensive methods, which make them
infeasible to apply on very large networks. Therefore, a simple and
practical strategy with acceptable and comparable performance is
preferable to these numerical techniques. Among different heuris-
tics, which are studied in this paper, targeting farms with the
highest number of incoming transmissions (the number of times
a farm receives shipping of animals) as testing points and test-
ing them every one or two weeks can reduce the damage of out-
breaks almost as much as the optimized selections produced by the
MCMC.
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