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1 | BACKGROUND

The poultry industry is an economically and socially important sector
to Bangladesh as a source of income (for more than 70% of rural

| 1. Okike? | G. M. Ahmed® | M. Yamage® | G.J. Boender® |
T. J. Hagenaars* | B. Bett’

Summary

Highly Pathogenic Avian Influenza (HPAI) is classified by the World Organization for
Animal Health as one of the notifiable diseases. Its occurrence is associated with sev-
ere socio-economic impacts and is also zoonotic. Bangladesh HPAI epidemic data for
the period between 2007 and 2013 were obtained and split into epidemic waves
based on the time lag between outbreaks. By assuming the number of newly infected
farms to be binomially distributed, we fit a Generalized Linear Model to the data to
estimate between-farm transmission rates (B). These parameters are then used
together with the calculated infectious periods to estimate the respective basic repro-
duction numbers (Ro). The change in B and Ry with time during the course of each epi-
demic wave was explored. Finally, sensitivity analyses of the effects of reducing the
delay in detecting infection on a farm as well as extended infectiousness of a farm
beyond the day of culling were assessed. The point estimates obtained for B ranged
from 0.08 (95% Cl: 0.06-0.10) to 0.11 (95% Cl: 0.08-0.20) per infectious farm per day
while Rg ranged from 0.85 (95% Cl: 0.77-1.02) to 0.96 (95% Cl: 0.72—1.20). Sensitivity
analyses reveal that the estimates are quite robust to changes in the assumptions
about the day in reporting infection and extended infectiousness. In the analysis
allowing for time-varying transmission parameters, the rising and declining phases
observed in the epidemic data were synchronized with the moments when Ry was
greater and less than one, respectively. From an epidemiological perspective, the con-
sistency of these estimates and their magnitude (Ry ~ 1) indicate that the effective-
ness of the deployed control measures was largely invariant between epidemic waves
and the trend of the time-varying Ry supports the hypothesis of sustained farm-to-

farm transmission that is possibly initiated by a few unique introductions.
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households) and animal proteins (Islam, Uddin, & Alam, 2014). This
industry has been affected by, amongst other things, high feed prices
and periodic epidemics of Highly Pathogenic Avian Influenza (HPAI)
subtype H5N1 (Islam et al., 2014) and other poultry diseases such as
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Newcastle disease. This effect is reflected in the declining number of
poultry farms that has dropped from more than 114,000 farms in
2008-2009 to 64,000 farms in 2010-2011 (Islam et al., 2014).

Given the importance of poultry production in the livelihoods of
the rural households in developing countries, epidemics involving
HPAI, an OIE (World Organization for Animal Health)-listed disease,
raise concern for socio-economic reasons and the zoonotic aspect of
the disease, although the number of cases recorded in humans has
remained low.

Five hundred and six HPAI outbreaks involving the H5N1 sub-
type have been officially reported in Bangladesh during the study
period (i.e.,, 2007-2013). These outbreaks were found to be clus-
tered in time and most of them are preceded by the bird migratory
period in early winter, thus supporting the hypothesis that migratory
birds may be playing a role in the initial introduction of the virus
(Ahmed, Ersbgll, Biswas, & Christensen, 2010). Additionally, the pos-
sibility of under-reporting of cases in backyard flocks together with
the existence of asymptomatic cases and silent reservoirs such as
ducks playing a part in virus propagation is hypothesized (Ahmed
et al., 2010). Yet, HPAI virus detection relies mainly on the observa-
tion of clinical signs of the disease and the increased mortality in the
flock (Ahmed et al., 2010). Moreover, some Asian countries are
believed to be especially vulnerable to virus perpetuation because of
low-level biosecurity, rearing of chickens and ducks together, selling
of live birds and deficient disease surveillance (Biswas et al., 2008;
Fournié et al., 2013).

In the course of most epidemics especially those involving OIE-
listed diseases, outbreak data are collected. These data can among
other things be used in studies geared towards improving disease
management during future epidemics. Mathematical modelling pro-
vides a means to draw inferences based on the collected data. For
example, models that are informed by the data collected can be used
to estimate pathogen transmission rates between epidemiological
units which can range from the individual host to different geo-
graphical locations of farms.

Examples on the use of outbreak data to infer about HPAI epi-
demics include the estimation of per contact transmission probabili-
ties of the virus between farms (Ssematimba, Elbers, Hagenaars, &
de Jong, 2012), the assessment of the impact of intervention strate-
gies in controlling outbreaks (Bett et al., 2014; Stegeman, Bouma, &
de Jong, 2010; Stegeman et al., 2004; Walker et al., 2015) and gen-
eral inference about epidemic-specific characteristics (Bavinck et al.,
2009; Bos et al., 2009; Stegeman et al., 2004).

One of the epidemiologically important parameters in studying
disease dynamics is the basic reproduction number (Ro). It is defined
as the average number of secondary infections caused by a typically
infectious individual throughout its infectious period when intro-
duced into a naive population (Diekmann, Heesterbeek, & Metz,
1990). In deterministic models, if Ry < 1 the infection dies out while
if Ro > 1 an epidemic occurs. Therefore, as the transmissibility of an
infection can be quantified by its R, its magnitude provides clues on
the efforts required to control the disease. Note that Rg is influenced
by the transmission probability per contact, the mean contact rate

and the length of infectious period. These factors vary between
pathogen subtypes, geographical regions and husbandry practices.
This renders extrapolation of Ry estimates from epidemics in differ-
ent geographical regions and those involving different pathogen sub-
types less reliable. Thus, in an ideal situation where field outbreak
data are available, an epidemic-specific Ry should be estimated to
ensure reliability of the recommendations for control strategies it
informs.

In this study, we quantify the between-farm transmission rates
or adequate contact rates (B) which are defined as the average num-
ber of farms infected per infectious farm per day and their corre-
sponding Ry for H5N1 HPAI virus for the epidemic waves that hit
Bangladesh between 2007 and 2013. We also explore the change in

B and Ry with time during the course of each of the epidemic waves.

2 | MATERIALS AND METHODS

2.1 | Data

We used the HPAI-H5N1 outbreak data that were compiled by the
Department of Livestock Services, Dhaka, in collaboration with
Emergency Centre for Transboundary Animal Diseases, Food and
Agriculture Organization of the United Nations (FAO), Bangladesh.
Although the first outbreak is believed to have occurred around Jan-
uary 2007, the country was officially declared to be HPAI-H5N1-
virus positive in March 2007 (OIE, 2015). Therefore, the data that
were used for this study included outbreaks from March 2007 up to
March 2013. That dataset contained details on the dates of clinical
suspicion and culling of all infected and detected farms. It also con-
tained information on the location of the farm, the number of birds
on the farm and eggs destroyed (where applicable) as well as details
about the owner and source of chicks, among others.

In this study, an epidemic wave was defined as a continuous
chain of outbreaks. The chain was assumed to break if the time
between the infection of a new farm and the culling of its immediate
predecessor was more than 21 days, in line with earlier analyses
(Henning et al., 2009). Day records in which the number of infec-

tious farms was zero were deleted.

2.2 | Model assumptions

Let S(t), I(t) and R(t) be, respectively, the number of susceptible, infec-
tious and removed farms and C(t) and N(t) be the number of newly
infected and total number of farms on a given day of the epidemic
wave, respectively. The disease dynamics were modelled with farms
as individual units and in accordance with the standard SIR epidemic
model formulation with a frequency-dependent transmission term
and a homogeneous-mixing approximation. The homogeneous-mixing
approximation is motivated by the observed transmission patterns in
which long-distance jumps were common [with almost every new
outbreak occurring in a different subdistrict (Loth, Gilbert, Osmani,
Kalam, & Xiao, 2010)], the formation of secondary (global) clusters
within ranges of 150-300 km being indicative of long-distance virus
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spread (Ahmed et al., 2010), and the wide live bird market network
in Asia in general (Fournié et al., 2013). The probable day of virus
introduction onto a farm was assumed to be 7 days prior to the day
of reporting based on the findings from a study based on data from
the 2003 HPAI epidemic in the Netherlands (Stegeman et al., 2004).
This caters for the silent virus circulation within the flock preceding
detection through passive surveillance [which is common in Bangla-
desh (Ahmed et al., 2010)] that requires a recognizable increase in

mortality and morbidity in the flock.

2.3 | Data analysis

Assuming a stochastic SIR epidemic model, we derive the probability
of infection and use it to estimate the transmission rate parameter
from longitudinal data of an epidemic as follows: Let pes(t) be the
probability that a certain susceptible farm remains uninfected up to
a time t, then,

dpesc(t)
dt

= _x(t)pesc(t)v (1)

where A(t) is the force of infection given by A(t) = B (I(t)/N(t)) and B
is the desired transmission rate parameter or adequate contact rate.
Integrating Equation 1 gives the probability of escaping infection
during the time interval (t, t + At) as pesc (t, t + At) = exp (=B (I(t)/
N(t)) At) and the complement gives the probability of infection.

With the assumptions listed and using the methods described by
(Becker, 1989; Mollison, 1995), the number of newly infected farms
is approximately binomially distributed: C(t, At) ~ Bin (S(t), pint (t, At))
with,

pur(t, ) = 1 - exp( B 5t ). o
as the probability of infection per time step At = 1 day in this case.

Re-arranging Equation 2 gives,

log(-log(1 - pur)) = log(B) + 108 3 ). @
N(t)

Technically from Equation 3, to estimate B, we fit a Generalized
Linear Model (GLM) with a complementary log-log link function and
log(I(t)/N(t)) as the offset variable to the data (see (Bos et al., 2009)
for an application example). The optimization procedure is implicitly
based on the maximum likelihood estimation approach and similar
results can be obtained by maximizing the corresponding likelihood

function given by,

b =T15 (2 - 20| - | B (o0 [-Pric] )SM”, @

as done by (Bavinck et al., 2009).

Here, Mathematica 10.3 (Wolfram Research, Inc.) linked to the
statistical package R (R Development Core Team, 2005) was used to
estimate B and its 95% Confidence Interval (Cl). The basic reproduc-
tion numbers (Ro) were then calculated as the product of the
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estimated transmission rate parameter f and the mean infectious
period T calculated for that particular epidemic wave based on the

set assumptions.

2.4 | Estimation of time-varying p and Ry during
each epidemic wave

By definition, Rg is an average quantity. Consequently, when a trans-
mission parameter is estimated from the entire epidemic data, the
resulting value is an averaged-out estimate of the different values
that the parameter attains at the different stages of the epidemic.
However, there is more information that can be derived from the
distributions, over time, of the transmission parameters. For example,
the distribution may provide a way to assess the effectiveness of
control strategies that were implemented at the different stages of
the epidemic (Ferguson, Donnelly, & Anderson, 2001; Wallinga &
Lipsitch, 2007). Here, this approach is used to provide support for
the study assumption that, during the different epidemic waves,
farm-to-farm disease spread was the main transmission route and
not multiple introductions alone.

We obtain the time distribution of the transmission parameters
over the course of the different epidemic waves by splitting the epi-
demic wave durations into 21-day-long episodes and estimating their
corresponding Ro. For example, an epidemic wave that lasted
107 days is split into five subwaves with the first subwave starting
at epidemic day 1 and lasting until epidemic day 21 and the last sub-
wave starting at epidemic day 86 and lasting until epidemic day 107.
The estimated time-varying R values were then compared with the
epidemic temporal pattern observed during those periods in the

overall epidemic curve.

2.5 | Sensitivity analyses

Sensitivity analysis was performed to assess the effect of reducing
the farm detection delay from 7 to 2 days which could occur in an
ideal situation. Additionally, it is noted that virus persistence in the
environment may play a role during disease outbreaks (Sooryanarain
& Elankumaran, 2015) as a culled farm may not be immediately and
completely cleared of infectious material (Bett et al., 2014; Ssema-
timba et al., 2012; Ypma et al., 2012). The potential effect of a pos-
sibly prolonged infectivity on the estimates was assessed through
extending farm infectiousness by 3 days post-culling in the baseline

scenario.

3 | RESULTS

Figure 1 presents a summary of the epidemic waves extracted from
the data in which six major epidemic waves are identified. The first
wave started in March 2007 and lasted until July 2007 affecting 55
farms while the second wave started in October 2007 and went on
until April 2008 affecting 231 farms. The third and fourth waves,
respectively, occurred from December 2008 to April 2009 and
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January to April 2010, affecting 36 and 28 farms. Finally, the fifth
wave started in January to May 2011 affecting 161 farms and that
sixth wave was from November 2011 to April 2012 affecting 26
farms. Only five more sporadic outbreaks were reported between
April 2012 and March 2013 namely; one each in October and
December 2012 and two in February 2013 and one in March 2013.

For each of those six waves identified, we present the boxplots
summarizing the distribution of “reaction” time (i.e., the number of
days between outbreak reporting and culling of that farm) in
Figure 2 and the time-varying Ro during the 21-day periods of the
different waves is presented in Figure 3. The estimates for the trans-
mission rate parameter, infectious period and basic reproduction
number for the default scenario are presented in Table 1 and in
Table 2 for the sensitivity analyses.

From Figure 2, we observe that the median reaction time
reduced from 4 and 3 days in epidemic waves 1 and 2, respectively,
to a mere 1 day in all other waves. A similar decreasing trend is
observed for the maximum reaction time with 16 and 21 days in
waves 1 and 2, respectively, and between 3 and 5 days in all other
waves.
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FIGURE 1 The weekly epidemic curve

of HPAI-H5N1 outbreaks in Bangladesh

from March 2007 through March 2013

with 15th March 2007 as Day O. The bars

represent outbreaks over 7 days. Epidemic

wave 1 was from March to July 2007;
Wave Wave 2 was from October 2007 to April
2008; Wave 3 was from December 2008
to April 2009; Wave 4 was from January
to April 2010; Wave 5 was from January
to May 2011; and Wave 6 was from
November 2011 to April 2012

Our findings (Table 1) indicate that the transmission rate parame-
ters for the different epidemic waves in Bangladesh ranged from
0.08 to 0.11 per infectious farm per day with the lowest and highest
95% confidence limits being 0.06 and 0.20 per infectious farm per
day, respectively. The average infectious period ranged from
7.9 days (for wave 3) to 12 days (for wave 1). The estimated basic
reproduction numbers (Ro) were consistently very close to one (i.e.,
the threshold value for disease persistence) with the lowest and
highest 95% confidence limits of 0.57 and 1.58, respectively, and all
confidence intervals contained the threshold value for disease persis-
tence namely, Rg = 1.

On the distribution of Ry over time, as hypothesized, we observe
(Figure 3) that considering only the overall average value that is
obtained from analysing a full epidemic masks the otherwise infor-
mative time-varying dynamics. Figure 3 elucidates this and we
observe, for example, that the estimated (split) Ry values are above
one around the sixth 21-day period of wave 2 and around the sec-
ond such period for wave 5. More importantly, the depicted trend is
in synchrony with that observed in the epidemic curve in Figure 1,

that is the periods when Ry > 1 coincide with the observed rise in

FIGURE 2 Boxplots depicting the
minimum, 25th percentile, median, 75th
percentile and the maximum number of
days between disease reporting and culling
of the affected farm that is reaction time
distribution. For example, in the plot for
wave 2, the lower caped end is the
minimum value, followed, respectively, by
the horizontal bars for the 25th percentile,
median and 75th percentile and the top-
most caped bar is the maximum value. The
median value coincides with the 25th
percentile at a value of one in the last
three epidemic waves
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FIGURE 3 Time-varying basic reproduction number during the different epidemic waves. Panel numbers represents the epidemic wave
number and the horizontal axis captures the 21-day subwave number during that epidemic wave

the number of newly infected farms and vice versa for Ry < 1. The
rise and fall in the incidence rate is, among other factors, driven by
the depletion of susceptible farms through infection and culling as
well as the possibility of improved awareness (and consequently
improved biosecurity) as the epidemic unfolds.

In the sensitivity analysis, compared to the default scenario,
reducing the detection delay to 2 days or extending the infectious
period by 3 days post-culling did not have a statistically significant

effect (at a p-value of .05) on the estimated parameters.

4 | DISCUSSION
Whenever appropriate data is available, as was the case in this
study, the estimation of transmission rate parameters provides a
means to better understand the dynamics of the outbreak. Such a
quantification provides the most informative and reliable basis for
assessments of disease management strategies.

In this study, the point estimates for the transmission rate

parameter B ranged from 0.08 to 0.11 per infectious farm per day
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TABLE 1 Summary of the parameter estimates obtained for each of the six epidemic waves using the default scenario in which 7 days
delay in detection is assumed with no extended infectiousness post-culling

Epidemic wave Total number Total number of

number and period of farms® Infected farms
I: Mar 2007-Jul 2007 55,000 55
II: Oct 2007-Apr 2008 55,000 231
Ill: Dec 2008-Apr 2009 114,763 36
IV: Jan 2010-Apr 2010 74,000 28
V: Jan 2011-May 2011 64,000 161
VI: Nov 2011-Apr 2012 64,000° 26

2Obtained from (Islam et al., 2014).

Infectious
period, T (days)®

Transmission
rate B (95% Cl)

Basic reproduction

number Ry = BT (95% Cl)

12 0.08 (0.06-0.10) 0.96 (0.72-1.20)
10.7 0.09 (0.08-0.10) 0.96 (0.86-1.07)
7.9 0.11 (0.08-0.20) 0.87 (0.63-1.58)
8.1 0.11 (0.07-0.12) 0.89 (0.57-0.97)
8.5 0.10 (0.09-0.12) 0.85 (0.77-1.02)
8.5 0.11 (0.07-0.15) 0.94 (0.60-1.28)

bCalculated from the data by increasing the calculated mean infectious period by the assumed delay in detection of 7 days.

“Extrapolated from the number of farms during the previous period.

TABLE 2 Summary of the parameter estimates obtained for each of the six epidemic waves in the sensitivity analyses. The two scenarios
assessed are; assuming 2 days delay in detection and, assuming a 3 day extended infectiousness

2 days delay and no extended infectiousness

7 days delay and 3 days extended infectiousness

Epi No.? B (95% Cl) i Ro = BT (95% Cl) B (95% Cl) ™ Ro = BT (95% CI)
Epi 1 0.13 (0.10-0.16) 7 0.91 (0.70-1.12) 0.06 (0.05- 0.08) 15 0.90 (0.75-1.20)
Epi 2 0.15 (0.13-0.17) 57 0.86 (0.74-0.97) 0.07 (0.06-0.08) 137 0.96 (0.82-1.10)
Epi 3 0.26 (0.18-0.35) 29 0.75 (0.52-1.02) 0.08 (0.06-0.11) 109 0.87 (0.65-1.20)
Epi 4 0.24 (0.16-0.34) 3.1 0.74 (0.50-1.05) 0.08 (0.06-0.12) 111 0.89 (0.67-1.33)
Epi 5 0.22 (0.19-0.25) 35 0.77 (0.67-0.88) 0.08 (0.07-0.09) 115 0.92 (0.81-1.04)
Epi 6 0.22 (0.15-0.32) 35 0.77 (0.53-1.12) 0.08 (0.05-0.11) 11.5 0.92 (0.56-1.27)

2Epi No. stands for epidemic wave number.

PReported in days and it is calculated from data by adjusting the mean infectious period based on the scenario assumptions.

and the estimated Ry values over the full epidemics were consis-
tently close to one (Table 1). Yet, due to a possibility of under-
reporting of outbreaks to OIE, we argue that these estimates could
even be conservative. Nonetheless, the finding that Ry ~ 1 indicates
that the impact of the deployed control strategies did not signifi-
cantly change between epidemic waves.

Additionally, we gain insight about the unravelling of the various
epidemic waves from the time-varying Ry estimates in Figure 3. For
example, we observe that Ry was above one for some subwaves and
not for others. A comparison of the epidemic curve (Figure 1) and
the time-varying Ry estimates (Figure 3) reveals that the epidemic
temporal patterns are in synchrony with the estimated time-varying
transmission parameters. The pattern of Ry estimates being above
one in the beginning of a wave and dropping below one in the final
part of the wave is characteristic of epidemic spread and thus sup-
ports the hypothesis that the epidemics are more likely to be due to
between-farm transmission rather than to multiple introductions
alone.

Although the basic reproduction number is both pathogen- and
population- specific, we note that closely related studies involving a
similar pathogen subtype albeit in different geographical locations
and involving different epidemiological units (e.g., villages instead of
farms) give estimates within the same range. For example, Ward,

Maftei, Apostu, and Suru (2009) estimated a between-village Rq

ranging from 1.68 to 2.95 in an HPAI-H5N1 outbreak that occurred
in Romania where 110 outbreaks occurred over 25 days. Marque-
toux et al. (2012) estimated a between- subdistrict Ry varying
between 1.27 and 1.60 in Thailand using 1208 outbreaks that
occurred between July 2004 and April 2005. In a study based on 33
outbreaks in West Bengal, India during the period between 2008
and 2010, Pandit, Bunn, Pande, and Aly (2013) estimated Ry that
ranged from 0.859 to 1.069 and Bett et al. (2014) found a between-
village Rq ranging from 0.7 to 1.1 for an epidemic that occurred in
Nigeria.

Regarding the model assumptions on the length of the infectious
period, sensitivity analyses revealed that introducing a post-culling
farm infectiousness of 3 days or reducing the detection delay to
2 days would not significantly affect the estimated Ry for any of the
epidemic waves. This was because the change in the assumed infec-
tious period was in both cases accompanied by an opposite effect
on the estimated transmission rate parameter.

In Table 1, we present the total number of poultry farms in Ban-
gladesh from 2007 onwards and earlier data can be found in (Islam
et al., 2014). Prior to 2007-2008, Islam et al. (2014) show that there
were only 43,589 farms in 1993-1994, which increased substantially
to reach 150,000 by the year 2006-2007 and declined afterwards.
This fluctuating trend is a manifestation of the challenges faced by

the Bangladesh poultry industry in general. For example, Raha (2014)
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reported that the major challenges to the poultry sector were limited
access to credit, competition from imports and outbreak of diseases
like avian influenza. Other authors have also mentioned fluctuations
in feed prices (Islam et al., 2014) as an influencing factor.

On the variation of reaction time to suspected outbreaks
between waves (Figure 2), the trend reflects one of the adopted
changes by the Government after the first epidemic wave through
improving surveillance and conducting immediate culling, on the
farm or within 24 hr at a local laboratory, of avian influenza A-posi-
tive test farms (Loth et al., 2010). Quick culling of suspected cases
is important as it ensures that a farm is removed when the number
of infectious birds, and consequently the infection pressure it exerts
on other susceptible farms, is still low. This may partly explain the
lower number of cases in the third and fourth epidemic waves at
C = 36 and 28, respectively. However, the change in trend in epi-
demic wave 5 that involved 161 cases remains a mystery based on
the currently available epidemiological information. Note that, after
that big wave, the next one only involved 26 reported cases
(Table 1).

In that wave, much as the reaction time was similar to that of
the preceding two epidemic waves, the number of outbreaks was
higher. It can be hypothesized that this may have been amplified
due to the introduction of clade 2.3.2 and 2.3.4 viruses into Bangla-
desh in 2011 in addition to clade 2.2 that has been circulating since
(Haque, Giasuddin, Chowdhury, & Islam, 2014; Islam et al., 2012).
Generally, cautious interpretation of the observed trend in number
of reported cases is advised as the numbers could be influenced by
the surveillance system implemented, which is predominantly pas-
sive, yet, factors such as the government’s ability to pay indemnity
to affected farmers are known to affect reporting.

On another note, it is not clear how these seasonal epidemic
patterns are sustained but, what is apparent is fact that there is
good disease management especially in between the waves when no
outbreaks are reported. It is hypothesized that migratory birds may
be playing a role in the initial introduction of the virus in the differ-
ent waves. It could also be that, between epidemic waves, the virus
remains endemic in some subpopulations of poultry, for example
ducks and epidemics subsequently occurred when: (i) optimal envi-
ronmental conditions are attained, and (ii) poultry populations would
have recovered to levels that are critical for transmission events to
occur.

On the consistency of the estimated parameters between the
successive epidemic waves, we hypothesize that this indicates that
the impact of the deployed intervention strategies did not change
over the period of study. This could echo the existence of; untraced
transmission routes that may not be targeted by the current proto-
cols (Nickbakhsh et al., 2013; Ssematimba et al., 2013), indirect
transmission mechanisms in general (van Bunnik et al., 2014), and/or
the existence and contribution of other untraceable mechanisms
such as the windborne route.

In conclusion, the findings of this study can facilitate the visual-
ization of the required efforts to reduce the disease’s basic repro-
duction number to below unity, which is an epidemiologically

7
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derived requirement for the prevention of further spread of the
virus. This knowledge is important in informing the development of
pro-poor intervention strategies that can easily be adopted in
resource-constrained countries. With the current Bangladesh passive
surveillance system in which HPAI virus detection relies mainly on
recognition of the disease’s clinical signs and an increased mortality
(Ahmed et al., 2010), reducing between-farm contacts and improving
biosecurity during the necessary ones can play an important role in

controlling future epidemics.
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