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The repertoire of quantitative analytical techniques in disciplines such as ecology, 
decision science, and evolutionary biology has grown, in part enabled by the 
development and increased availability of computational resources. Integration 
of cutting-edge, quantitative tools into veterinary epidemiology that have been 
borrowed from such disciplines has offered opportunities to advance the study of 
disease dynamics in animal populations, to improve and guide decision-making 
related to disease prevention, control, or eradication. Furthermore, the need to 
explore new analytical methods for veterinary epidemiology has been driven by 
the increasing availability and complexity of animal disease data. The objective of 
this eBook is to contribute to current methods in epidemiology by 1) presenting 
and discussing novel analytical tools that help advance our understanding of 
epidemiology; and 2) demonstrating how inferences emerging from the application 
of novel analytical tools can be incorporated into decision-making related to animal 
health. The eBook constitutes a collection of articles that explore the applications of 
a variety of analytical methods such as machine learning, Bayesian risk assessment 
and an advanced form of social network analysis in the modern epidemiologic study 
of animal diseases.
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Figure 2 | Regional graphs showing time-dependent reproduction number (TD-R) and incidence for porcine reproductive and respiratory 
syndrome. The Y axis corresponds to TD-R with 95% upper and lower confidence intervals (CIs) (red) and number of new cases (yellow; represented after replacing 
0 counts with “1’s” as described in Section “Materials and Methods”). Stars (*) represent peaks on TD-R in which the 95% CI did not include 1; region Upper 
Midwest East (UME) has a zoom-out on the TD-R values to improve visualization.

Table 2 | Multiple pairwise comparisons for Kruskal–Wallis test using 
Dunn’s test of multiple comparisons, showing the estimate (P-value), 
with applied Bonferroni correction.

Region South East South (S) Upper Midwest East 
(UME)

S −0.99 (0.96) – –
UME −3.38 (0.002)* −2.35 (0.0565) –
Upper Midwest 
West

−0.42 (1.0) 0.56 (1.0) 2.91 (0.0107)

*Statistically significant difference.
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Frontiers in Veterinary Science  |  www.frontiersin.org April 2017  |  Volume 4  |  Article 46

occurred at approximately the same time for the UMW region, 
and there were no statistically significant TD-R peaks for the 
region of MN/IA (Figure 2). For instances in which the TD-R 
peaks preceded the incidence peak, the lag time between peaks 

varied between 1 and 2  months. Likewise, indications that the 
epidemic was waning (TD-R  <  1) occurred 2  months earlier 
than declines in incidence for SE and S (March 2015 versus May 
2015 and November 2013 versus January 2014, respectively), and 
1 month earlier for UMW.

Finally, the 20 systems examined contributed with a popula-
tion at risk of on average 35 farms (min: 7, max: 83) per system. 
The average number of outbreaks per farm reporting at least one 
outbreak was 48.15 (min: 12, max: 189). Separate system-specific 
TD-R appeared to vary (Table  3; Figure  3), even for systems 
located within the same geographical region. Four systems were 
selected to illustrate differences between TD-R and incidence 
curves (systems A–D, Figure 3). Systems C and D, for example, 
were located within the same geographical region and showed 
one peak within the same time period (February 2015), even 
though the TD-R peak was not significant for system D. System 
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Table 3 | Time-dependent reproduction number summary estimates for 
each system enrolled in the SHMP project.

System N monthsa Mean Median SD Min Max

A 80 1.21 1.09 0.53 0.34 2.60
B 34 1.36 1.28 0.78 0.29 3.55
C 80 1.12 1.00 0.61 0.20 4.31
D 22 1.19 1.18 0.58 0.45 2.77
E 80 1.09 1.00 0.41 0.32 2.10
F 80 1.04 1.00 0.31 0.33 3.00
G 80 1.19 1.00 0.63 0.32 3.62
H 80 1.04 1.00 0.31 0.25 2.42
I 80 1.04 1.00 0.29 0.25 2.42
J 80 1.15 1.00 0.62 0.28 3.97
K 80 1.02 1.00 0.23 0.33 2.93
L 80 1.03 1.00 0.32 0.33 2.99
M 53 1.07 1.00 0.58 0.24 5.00
N 80 1.01 1.00 0.22 0.5 2.00
O 80 1.07 1.00 0.47 0.33 3.52
P 80 1.05 1.00 0.37 0.38 2.80
Q 45 1.07 1.00 0.44 0.41 2.72
R 57 1.11 1.00 0.53 0.27 3.98
S 36 1.14 1.00 0.84 0.23 5.81
T 45 1.06 1.00 0.42 0.41 2.72

aNumber of months the systems are participating in the SHMP.
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A showed no significant peaks on TD-R, but it showed frequent 
increases in incidence; and system B showed a peak in TD-R not 
observed when farms are aggregated at the region level.

The spatial–temporal model showed statistically significant 
clusters for all examined regions (Table 4). There were 3 clusters 
in space and time for the SE region, 3 clusters for the S region, 10 
clusters for UME, and 4 clusters for UMW.

DISCUSSION

The study here is the first to investigate and report the use of 
the time-dependent reproductive number for PRRS reporting 
purposes, and to contrast it with commonly used methods for 
describing PRRS epidemics (i.e., number of cases and spatial–
temporal cluster detection). Strengths of this study include the 
availability of monthly PRRS incidence data from a large number 
of US swine herds spread across different geographical regions, 
as well as the inclusion of a large number of swine production 
systems.

Results support the observation that region-level insights 
cannot be provided by using data that are aggregated from large 
national projects. Furthermore, regional-level control and pre-
vention strategies should not be made based on the assumption 
that PRRS transmission dynamics are the same across geographi-
cal regions of the same country. Stratification of data would be 
able to provide a better estimate on which control and prevention 
measures, if any, would work best and provide the best benefit for 
specific regions.

Comparison of PRRS transmissibility across regions and pro-
duction systems has not been previously reported for PRRS, and 
the statistical differences among TD-R estimates between regions 
were somewhat surprising, given that it is commonly believed 
that all regions have similar PRRS transmissibility patterns. Some 

reasons that might explain the observed differences include 
climatic factors (e.g., temperature variation), demographic and 
biosecurity factors (e.g., presence of filtered farms), swine density, 
the presence of different production systems in the areas, and the 
potential introduction of PRRS strains in differing instances.

The commonly expected predictable yearly increase pattern 
for PRRS was not visually evident for all geographical regions 
across years, nor was the time periods in which PRRS was spread-
ing (defined as the TD-R 95% CI did not include 1; Figure 2). 
Interestingly, even though both the SE and UME regions are 
known to have high swine density, the patterns of PRRS trans-
mission between them were different (Figure 2). However, PRRS 
management strategies within these two regions are known to dif-
fer, which may partially explain the findings: first, the immunity 
status of swine sites is anecdotally observed to be different among 
areas. For example, among high swine dense areas (SE and UME), 
it is believed that a certain amount of herd immunity exists in the 
SE region compared to the UME because producers in the latter 
area are more willing to attempt PRRS elimination from herds. 
In contrast, producers from the SE region are commonly using 
vaccination or live-virus inoculation strategies to mitigate PRRS 
impact (SHMP data not shown). However, it was observed that, 
even when certain amount of underlying immunity existed for 
the SE region, spreading events still occurred. This is also anec-
dotally observed from field veterinarians and producers. Another 
difference between the areas might be the use of farm filtration as 
a preventive measure for PRRS outbreaks, with the SE area being 
characterized by lower frequency of filtered farms compared to 
the UME area. Data gather on these and other management and 
biosecurity factors for future projects might help elucidating 
regional differences described herein.

Porcine reproductive and respiratory syndrome epidemic 
events were recognized by the TD-R method for all regions 
except for the UME. These events possibly reflected the introduc-
tion of new or previously undetected PRRSV strains in the SE, 
S, and UMW areas (10, 17). Overall, the TD-R appeared to be 
particularly useful for areas where the occurrence of outbreaks is 
sporadic, perhaps resembling an epidemic nature. In such cases, 
the TD-R appeared to flag outbreaks of new strains earlier when 
compared to the crude increase in the number of cases (Figure 2), 
which could be valuable for near real-time disease surveillance 
in the context of commonly emerging PRRSV strains. The use of 
TD-R could aid in the rapid detection of these episodes, which, 
combined with communication and mobilization with key 
industry stakeholders, could result in faster control of disease in 
a region. For areas where PRRS can be characterized mostly as 
having endemic nature, the use of the TD-R might still be useful 
for signaling epidemic progression, characterizing transmissibil-
ity over time, and identifying the occurrence of “super-spreader” 
events.

The relatively large number of spatial–temporal clusters was 
not surprising. Analysis of data from a regional control project 
in Minnesota reported that, despite an overall decrease in PRRS 
incidence from 2012 to 2015, significant spatial–temporal clus-
ters of disease incidence over 3-week periods and 3-km radii 
were found (5). The occurrence of spatiotemporal cluster did not 
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Figure 3 | (A) System-specific graphs showing time-dependent reproduction number (TD-R) and incidence for porcine reproductive and respiratory syndrome. 
TD-R with 95% upper and lower confidence intervals (CIs) are shown in red, and incidence curves (after replacing 0 counts with “1’s” as described in Section 
“Materials and Methods”) are shown in yellow. Stars (*) represent peaks on TD-R in which the 95% CI did not include 1. (B) Box plot showing TD-R distribution for 
four different systems of the US.
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Table 4 | Super-spreader events and clusters found for the four regions 
by three different methods [time-dependent reproduction number (TD-R)  
estimation, purely temporal cluster detection, and spatial–temporal 
cluster detection].

Areaa TD-Rb Spatiotemporal 
cluster detectionc

Radius 
of cluster 

(km)

Od Ed P-value

SE 12/2014–
01/2015

02/2015–07/2015 89 47 17.2 <0.001

02/2012–07/2013 15 26 9.5 <0.001
11/2010–12/2010 3.6 5 0.3 0.007

S 12/2015 08/2014–11/2014 42 10 1.9 <0.001
10/2013 02/2014–05/2014 96 12 2.9 0.002

11/2009–06/2012 7 4 0.1 0.007

UME 09/2015 4.3 22 1.7 <0.001
07/2015–11/2015 44 35 9.7 <0.001
01/2015–03/2015 22 12 0.6 <0.001
04/2013–05/2013 44 15 0.7 <0.001
09/2012 23 10 0.6 <0.001
03/2012–05/2012 132 26 4.39 <0.001
10/2011 3 15 1.52 <0.001
07/2011–08/2011 65 13 0.7 <0.001
05/2010–11/2010 94 47 13 <0.001
01/2010–02/2010 7 31 6.5 <0.001

UMW 11/2012 06/2015–11/2015 42 15 1.9 <0.001
05/2012–10/2012 31 10 1.6 <0.001
06/2011 2 8 0.9 <0.001
02/2010 28 14 3.9 0.01

aArea 1 corresponds to North Carolina, area 2 corresponds to Oklahoma panhandle, 
area 3 corresponds to Minnesota/Iowa, and area 4 corresponds to Nebraska/South 
Dakota.
bEpidemic events as defined by TD-R (8); 95% confidence interval does not include 1.
cSpatial–temporal cluster detection using the spatial–temporal permutation model (14).
dObserved (O) and expected (E) number of cases.
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overlap with the detection of peaks in TD-R as expected (Table 4) 
but usually was recognized later than the first. At times, these 
clusters were quite frequent and lasted for a long period of time, 
which raises the point to whether the alarms they may trigger 
would be of concern or not.

Finally, system-specific estimates of TD-R showed recogniz-
able peaks for systems C and D (Figure 3). These peaks corre-
sponded to a known incursion of an emerging strain for the area. 
In addition, for system C, there is empirical evidence that intense 
breaks occur every 3 years, which was evidenced by our analysis. 
System A was characterized by multiple outbreaks over time, 
even though statistically significant PRRS spread periods were 
not detected. Predictable yearly increase patterns were visually 
suggestive for this area, except for the most recent years. Finally, 
system B appeared to have had a large outbreak in the end of 
November of 2013, which once more is anecdotally thought to 
be due to the incursion of an emerging strain in the region. The 
authors hypothesize that the reason why no further considerable 
outbreaks were observed after these is a combination between 
control measures being taken after the epidemic event, and the 
existence of a certain level of immunity in the herd after infection. 
For future studies, collection of such information is important to 
allow for testing of these and other hypotheses. We also recognize 
that, at time of writing of this manuscript, peer-reviewed publica-
tions on this matter are largely lacking; therefore, it is challenging 

to compare our study results with previous work done in PRRS or 
any other swine infectious disease.

This study has some limitations. First, it is important to high-
light that our source population corresponded to sow sites only 
and did not include growing pig sites. Even though growing pig 
sites are responsible for adding “infection pressure” at a regional 
level, one could argue that this population is somewhat distinct 
from the sow farm population in terms of disease management. 
Infection of sow herds results in more dramatic consequences due 
to the fact that pigs produced in such facilities are commonly 
transported to other sites, and therefore decisions in regards to 
disease prevention and control are markedly different between 
these distinct animal populations. On a similar note, our analysis 
included data from voluntary participants only. Therefore, results 
do not necessarily apply to the overall population of swine sites in 
the US. The impact of this issue is hard to predict and assess, given 
that the representativeness of participating producers is not well 
documented; thus, the authors recommend results to be taken 
with caution.

Second, underreporting could have affected results, espe-
cially for systems and regions that have underlying immunity 
for PRRS. To the knowledge of the authors, there are no 
published methods for TD-R calculations that can account 
for such issue, but the authors believe the underreporting to 
be constant in time, thus not dramatically affecting results. 
Another methodology-related issue is the fact that in our case 
the epidemic was not observed from the first case onward; with 
results in overestimation of the initial reproductive numbers 
(9). For this reason, the authors decided not to consider initial 
estimated TD-R numbers (first 4 months) when summarizing 
these data. Finally, although the prevalence of intervals with 0 
values was not high, padding the time series, by replacing the 0 
values with 1’s (a common practice in the time series analysis) 
resulted in a well-fitted distribution for the generation time, 
which subsequently increased the computation efficiency of the 
TD-R values. That said, this practice might have resulted in 
over or under estimation of the TD-R values in small regions 
with underreported outbreaks. However, as described above, 
the disease is endemic, and the assumption of at least one 
outbreak occurred in the small production region is biologi-
cally plausible in the context of epidemiology of PRRSV in the 
US. The authors also recognize that the CIs estimated using 
the time-dependent method could have been wide because 
few cases were observed at times. However, the authors are 
unaware of a method available (at time of publication) that 
would allow for better estimation of a transmission parameter 
in endemic settings.

In conclusion, this study showed the utility that TD-R esti-
mates may have in monitoring and early signaling epidemics for 
PRRS, and its benefits will likely vary according to geographical 
region and production system. The TD-R is a promising com-
plementary measure for incidence, because the latter is limited 
to measuring the amount of cases per unit of time but does not 
provide insights on the epidemic progression or effectiveness of 
control measures, which can be accomplished with the calcula-
tion of the former. The use of the TD-R may be complemented by 
other tools, such as, for example, the use of sequential Bayesian 
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R0 for prediction of increases in the incidence as well as signaling 
the end of epidemics (18).
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Livestock epidemics have the potential to give rise to significant economic, welfare, and 
social costs. Incursions of emerging and re-emerging pathogens may lead to small and 
repeated outbreaks. Analysis of the resulting data is statistically challenging but can 
inform disease preparedness reducing potential future losses. We present a framework 
for spatial risk assessment of disease incursions based on data from small localized 
historic outbreaks. We focus on between-farm spread of livestock pathogens and 
illustrate our methods by application to data on the small outbreak of Classical Swine 
Fever (CSF) that occurred in 2000 in East Anglia, UK. We apply models based on con-
tinuous time semi-Markov processes, using data-augmentation Markov Chain Monte 
Carlo techniques within a Bayesian framework to infer disease dynamics and detection 
from incompletely observed outbreaks. The spatial transmission kernel describing 
pathogen spread between farms, and the distribution of times between infection and 
detection, is estimated alongside unobserved exposure times. Our results demonstrate 
inference is reliable even for relatively small outbreaks when the data-generating model is 
known. However, associated risk assessments depend strongly on the form of the fitted 
transmission kernel. Therefore, for real applications, methods are needed to select the 
most appropriate model in light of the data. We assess standard Deviance Information 
Criteria (DIC) model selection tools and recently introduced latent residual methods of 
model assessment, in selecting the functional form of the spatial transmission kernel. 
These methods are applied to the CSF data, and tested in simulated scenarios which 
represent field data, but assume the data generation mechanism is known. Analysis of 
simulated scenarios shows that latent residual methods enable reliable selection of the 
transmission kernel even for small outbreaks whereas the DIC is less reliable. Moreover, 
compared with DIC, model choice based on latent residual assessment correlated better 
with predicted risk.

Keywords: spatial epidemics, kernel transmission functions, Markov Chain Monte Carlo, risk assessment, latent 
residuals, deviance information criterion
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1. INTRODUCTION

The livestock epidemics of foot-and-mouth disease (FMD) in the 
United Kingdom (UK) in 2001 (1) and of classical swine fever 
(CSF) in the Netherlands in 1997 (2, 3) were characterized by 
their widespread spatial extent and significant impact on the 
agricultural sector. The 2001 FMD outbreak affected all UK live-
stock farms and is estimated to have a cost total of £8 billion (4) 
whereas the CSF epidemic in Netherlands totalized a short-term 
economic impact over £1.1 billion (5).

The desire to mitigate such impacts for future livestock-disease 
incursions has increased focus on preparedness for emerging 
and re-emerging pathogens (6, 7) and highlighted the need for 
quantitative tools to support such efforts (8, 9).

A key step in controlling livestock-disease incursions is to 
quantitatively assess the risk of localized disease spread from 
infected to susceptible farms. Control strategies can then make use 
of such risk assessments, for example they can be used to decide 
on which farms surrounding confirmed infected premises to 
impose control measures (10, 11). Quantitative study of historical 
epidemics has the potential to make such risk assessment faster 
and more robust, enabling more rapid and reliable response than 
possible if waiting for sufficient data to accrue during an ongoing 
epidemic (12). Tools to enable analysis of historic outbreaks thus 
may provide information critical to control operations prompted 
by future incursions of emerging or re-emerging diseases. Data 
on large outbreaks such as those described above have been 
shown to enable quantification of various epidemiological (13), 
economic (14, 15), and logistical (16) aspects of disease spread. In 
turn, these studies have contributed to the design of novel, more 
cost-efficient, control strategies against future epidemics (17–20). 
Fortunately large outbreaks, such as those described earlier, are 
rare and incursions of emerging or re-emerging disease typically 
lead to small and often repeated localized outbreaks (21). In this 
paper, we will investigate the quality of inference possible from 
data on small outbreaks.

Model-based inference can be conceptualized as a two-stage 
process; estimate the parameters for each of a set of given models 
and then rank or choose between the different models. Subsequent 
risk assessment can then be based on the model that best fits the 
data, or suitably weighted outputs from a set of models.

Over recent years, a number of authors have developed 
Bayesian inferential tools to enable statistically rigorous 
parameterization of discrete state continuous time Markov and 
semi-Markov processes (DCTMPs) from noisy and incomplete 
observations typical of field data, e.g., disease detections from 
real world epidemics (22–27). These inference tools are flexible 
in that they can be applied to a wide range of model structures 
and epidemic scenarios. Discrete state continuous time Markov 
and semi-Markov processes are well suited to modeling a diverse 
range of epidemiological systems. Their continuous time nature 
enables more accurate representation of the transmission process 
than discrete time models, and their discrete state space is ideally 
suited to represent epidemic spread between individuals, e.g., 
farms classified into distinct disease classes, susceptible, infected, 
etc. The inference tools for such models make use of data-
augmentation approaches to account for missing information 

(such as the times individuals become infected) which are treated 
as additional parameters to be inferred. Information (including 
uncertainty) on key quantities obtained from Bayesian inference 
is encoded in the so-called posterior, which is the joint distribu-
tion of model parameters (describing processes such as transmis-
sion between hosts and disease progression within an infected 
host) and missing data, e.g., the infection and transition times 
conditional on the observed data and modeling assumptions. 
Markov Chain Monte Carlo (MCMC) methods are typically used 
to draw samples from the posterior, and from these samples it 
is straightforward to calculate quantities of interest such as the 
probability, under some defined scenario, that a given farm will 
become infected at some future date. It is important to note that 
such predictions reflect the uncertainty inherent in the inference 
and therefore indirectly the quality of the data. It can be shown 
that reliability of inference for a given process (e.g., transmission) 
increases with the number of associated events (e.g., infections) 
occurring during the observation period. In general, this sup-
ports the intuition that uncertainty in inference will depend on 
the quantity of data available, and that uncertainty in inferences 
based on small outbreaks will be greater, and the reliability of the 
estimates more limited, than for large outbreaks.

Although theory underlying model choice in a Bayesian 
framework is well established (28, 29), its implementation is 
often impractical, especially for missing data problems where, as 
of interest here, latent variables are used for data augmentation. 
Reversible jump MCMC (30) in principle allows calculation of 
the so-called Bayes factor comparing two models but suffers 
implementation issues (31). For example, to compare a newly 
proposed model with earlier models requires the rerunning (and 
often recoding) of the inference procedure for at least one earlier 
model. In practice, the only model selection tool in widespread 
use for DCTMPs applied to epidemiological modeling is the DIC, 
or Deviance Information Criteria (32–34). DIC is a Bayesian 
model selection method which tries to balance model complexity 
with fit to data (35). However, there are increasing concerns with 
regards to discriminatory performance (36) particularly in the 
presence of latent variables, such as infection times, where there 
is no unique definition of DIC (37). A complimentary approach 
to model choice is that of model assessment where statistics are 
constructed to detect inconsistencies between model assump-
tions and the real world processes being modeled (38, 39). Novel 
diagnostics tools for assessing the fit of DCTMP model, known 
as latent residuals, have recently been developed by Lau et al. (40) 
and have proven to be efficient in identifying misspecification of 
model components in the context of spatio-temporal models for 
disease spread. This approach allows indirect model comparison, 
but also has the important benefit of indicating in what manner 
a given model may be inadequate, thereby providing insights 
into ways for improvements. The application of latent residuals 
for DCTMPs to small outbreaks has yet to be tested (40), and 
model comparison based on data from small outbreaks is likely 
to be challenging given the potential difficulties described above 
associated with inference for individual models from such data.

In this paper, we focus on the spatio-temporal modeling 
of disease spread between farms and subsequent detection of 
infected premises, conducting inference from data on detection 
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times only. We focus on the model choice problem of selecting 
the appropriate functional form describing between-farm disease 
transmission. Local between-farm transmission is generally 
mediated by multiple processes influenced by a wide range of 
factors including human behavior and characteristics of the 
livestock-disease system in question. However, typically these 
factors are not quantified and overall local spatial spread is often 
summarized to be a function of the straight-line distance between 
farms, modeled by the so-called “kernel transmission function.” 
In the context of CSF, Mintiens et al. (41) examined risk factors 
associated with the occurrence of neighborhood infections 
during the 1994 Belgium outbreak and found that intensity of 
neighboring herds was the most significant factor. Staubach et al. 
(42) established a distance-dependent risk function based on 
data obtained from real outbreaks. Building on this earlier work, 
Backer et al. (20) modeled between-farm spread of CSF using the 
kernel transmission function (described later as K2, see Section 
2.1) but modulated the kernel by the infectiousness of the infected 
farms (infectiousness defined by the number of infectious indi-
viduals on farm). The same transmission kernel was considered 
by Boender et al. (43), but they also included the influence of farm 
size in order to determine both the distance dependence and the 
farm-size dependence of the between-farm transmission risk of 
CSF during the Dutch 1997/1998 epidemic. As we subsequently 
show, identifying the correct kernel is critical in effective support 
of policy and decision-making for disease control since it can 
affect the risk profile of farms that are candidates for control.

In summary, this manuscript is organized as follows:

	1.	 We first focus on the methodology describing the set of models 
that are mainly different in the kernel transmission functions 
used. These models’ parameters are inferred in the Bayesian 
framework and two model selection tools are applied, namely 
DIC and latent residuals.

	2.	 Having inferred parameters from the various models, we 
quantify the posterior risks associated with each premise by 
simulating repeated epidemics using posterior estimates as 
initial conditions.

	3.	 The reliability of the methods are shown using simulated 
data and applied to field data on the small CSF outbreak that 
occurred in 2000 in East Anglia, UK (44).

2. MATERIALS AND METHODS

2.1. Model Structure
We use a stochastic spatio-temporal Susceptible-Infectious-
Removed (SIR) epidemic model to assess local between-farm 
spread and farm-level detection and control of a disease. The 
underlying model framework is a continuous time discrete state-
space semi-Markov process. In our model, individuals represent 
spatially distinct locations, e.g., farms, characterized by a discrete 
set of disease states (S, I, and R). The population is assumed 
initially fully susceptible prior to an initial incursion of disease 
into a single farm (the index case). Susceptible farms (in state 
S) subsequently become infected via local contacts with infected 
farms (in state I). Once infected, each farm remains in state I 

until its infectious status is detected and controls imposed. It is 
assumed that controls are introduced immediately upon detec-
tion and are completely effective. Therefore, once detected farms 
enter a restricted or controlled state (state R) in which they are 
removed from (i.e., play no further role in) the epidemic.

2.1.1. Detection and Control
The description of the R state assumes that effective control is 
rapid following detection which is a reasonable assumption for 
a range of disease systems (9, 45). In the context of FMD or CSF 
outbreaks in the UK, total depopulation of the infected premises 
is carried out within 24 h of the reporting of on-farm detection 
(1, 44). The infectious period for an infected farm can therefore be 
reasonably approximate as the period between the date of infec-
tion and the date at which the farm in question is reported as 
infected. The detection of disease is considered non-Markovian 
since the probability of detection is not constant but varies as a 
function of time since infection, e.g., as the number of on-farm 
cases changes. Here, we assume that the infectious period of the 
disease follows a gamma distribution with shape α and rate γ.

2.1.2. Secondary Infection
In the situation where farm i is infected and infectious (i.e., 
in state I) and farm j is susceptible (i.e., in state S), the rate at 
which j enters state I (i.e., becomes infected/infective) due to 
transmission from farm i, is βij = β0hij. Here, β0 is the maximum 
rate of contact whereas hij is a kernel function that can involve 
individual-specific characteristics. In the case of a distance kernel 
function, the contact rate varies as a function of the Euclidean 
(straight line) distance between farms. The shape of the kernel 
can significantly impact the spatial spread and development of 
epidemic processes (46, 47). In order to evaluate the effect of the 
kernel selection on outbreak risk assessment, we considered four 
different forms for the kernel function hij:

	

K i j

K

K

K

i j
d

i j
d

1

2

3

4

1

1

1
1

1

= − ,{ },

=
+ ( )

,

=
+

,

= − −

,

,

−

exp ( )

exp

( )

( )

τρ

τρ

ρ

ττ
ρ( )i j

d
,
















, 	

where ρ(i, j) denotes the Euclidean distance between individuals 
or sites i and j (i, j ∈ {1, 2, … N}). These functions represent a broad 
range of kernel functions found in the literature to characterize 
local spread in the analysis of spatial epidemics. For example, the 
exponential kernel K1 was used for modeling the spread of the 
citrus tristera virus (48) and the spread of citrus greening (49). 
The kernel K2 was used to model the between-farm spread of the 
CSF in the Netherlands by Backer et al. (20) and Boender et al. 
(43). The kernels K2 and K4 were used to model the spread of 
FMD in Japan (50) and in Netherlands (51) and are parameter-
ized in such a way they capture short-range spread. The Cauchy 
kernel K3 is a special case of K2 for τ = 1 and was considered by 
Kypraios (52), and as a description of the dispersal of an invasive 
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non-native vascular plant by Lau et al. (40). K3 allows more for 
long-range infections compared to the others as it presents the 
heaviest tail among all four. Full model specification as given in 
Section S1.1 in Supplementary Material.

2.2. Bayesian Inference
Here, we assume that available data consist of the time at which 
individual premises were detected as infected, and the geoloca-
tions not only of these premises, but all susceptible farms. In this 
analysis, we assume the times at which individuals are infected 
are not observed, since this information is typically not avail-
able in outbreak situations. However, such information could be 
incorporated in our framework if it were available.

Missing infection times make the likelihood for the SIR model 
intractable and render the use of frequentist approaches for 
inference less than straightforward. However, developments in 
data-augmentation MCMC allow Bayesian inference of both the 
parameters and missing infection times. The approach adopted 
is similar to that of Jewell et al. (25) which builds on the seminal 
work of Gibson and Renshaw (22) and O’Neill and Roberts (23). 
Full details on the model fitting framework and procedures are 
provided in Sections S1.2 and S1.3 in Supplementary Material.

Briefly, we considered the joint posterior distribution of the 
model parameters θ and infection times I given the data, i.e., the 
detection times R. Using Bayes’ theorem, this can be expressed as

	 π π π( ) ( ) ( )θθ θθ θθ, | ∝ , | ,I R R I 	 (1)

where π(R, I|θ) is nothing more than the probability of obtaining a 
given joint realization of detection and infection times (I, R) from 
a simulation of the model given parameter values θ. Sometimes 
referred to as the complete data likelihood, this can be calculated 
based only on the definition of the model. π(θ) is the joint prior 
distribution of the parameters and is specified in light of any 
information available before the data R is observed. If samples 
{(θk, Ik): k = 1 … L} can be drawn from the posterior distribution 
expressed in equation (1), then it is possible to calculate almost 
any statistic of interest. For example, marginalizing over I would 
result in estimating the distribution θ|R, whereas marginalizing 
over θ would result in estimating I|R. We note that the latent 
space, here corresponding to the set of infection times only, can 
be readily expanded to consider information such as the trans-
mission tree, i.e., “who-infects-who.” Moreover, the framework 
can also be expanded to consider other disease categories such 
as an exposed state.

Here, we employ Markov Chain Monte Carlo (MCMC) meth-
ods to draw samples from the posterior distribution specified in 
equation (1) only up to constant of proportionality. More specifi-
cally, we make use of a Metropolis–Hastings (53) within Gibbs 
algorithm (54) together with simple non-centering techniques 
(27). Full details of the sampling algorithms are provided in 
Section S1.3 in Supplementary Material.

2.3. Model Selection
Model selection is a challenging aspect of inference, especially 
for models with latent variables and where data are limited. In 
this study, we employ two contrasting model selection tools 

from the literature to select among our four spatial kernels,  
K1, …, K4, which model fits best our data. In particular, we use the 
deviance information criterion (DIC (35)) and Bayesian latent  
residuals (40).

Although widely used and measuring the trade-off between 
the model fit and complexity, DIC is recognized to have issues 
such as non-invariance to reparameterization, lack of consist-
ency, no basis on a proper predictive criterion (36), and multiple 
definitions in the presence of latent variables (37). In this study, 
we used two formulations of DIC for latent variable models (37): 
DIC1 is computed accounting for the full likelihood, i.e., the data 
augmented likelihood, whereas DIC2 is computed on a partial 
likelihood of the observation process conditional on the latent 
variables. We note that DIC1 and DIC2 correspond respectively 
to DIC4 and DIC8 in Celeux et al. (37). In either case, interpreta-
tion of DIC is straightforward with the smallest value taken to 
indicate which model performs the best. In practice, however, 
only differences of magnitude 10 or more between models are 
usually considered as indicative of significant differences in 
model fit (55).

By contrast, Bayesian latent residuals based on non-centered 
reparameterisations of discrete state-space continuous time semi-
Markov process have recently been proposed as an approach to 
assess the fit of different components of the model, thereby focus-
ing attention on aspects of the model that need improvement (40). 
For example, the infectious link residuals (ILRs) considered here 
are specifically designed to detect misspecification of the spatial 
transmission kernel. These are constructed by expanding the set 
of latent variables sampled from the posterior distribution to 
include both infection times and also the donors of infection, i.e., 
the transmission tree. This information then allows inference of a 
random variable, an ILR, that, under the assumption the model is 
correct has a uniform U(0, 1) distribution (40). Evidence of non-
uniform distribution of the ILRs indicates a misspecification of 
the kernel function. Recall that the data consist only of detection 
times and the infection times are unknown. Each set of infection 
times estimated within the MCMC algorithm (i.e., drawn from 
the posterior distribution) corresponds to a set of residuals. Each 
of these sets of residuals is subjected to an Anderson–Darling test 
to assess whether it conforms to a uniform U(0, 1) distribution 
or not. Therefore, there are exactly the same numbers of p-values 
as there are samples from the posterior distribution. We record 
the proportion of p-values, e.g., Pr(p < 5%), that are less than a 
confidence level, e.g., 5%. In the case that the proportion is similar 
to the confidence level, we take that as indicative that the model 
is not inconsistent with the data; more formally there is not suffi-
cient evidence to reject the model. A high proportion of p-values 
greater than the 5% level (i.e., Pr(p < 5%) large) is interpreted as 
evidence against the chosen form of the kernel.

To evaluate the performance of these model selection and 
assessment tools, we apply them within a simulation study frame-
work where the true data-generating model is known. See Section 
2.5 for full details of the simulated scenarios considered. For each 
iteration of the simulation study, we simulate an epidemic and 
generate a data set (detection times only) using the Gillespie 
algorithm (56) under a specified kernel. Each dataset is fitted to 
the models defined in Section 2.1 using MCMC, not only with 
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the kernel used to simulate the epidemic, but also with alterna-
tive kernels. Model selection and assessment tools based on DIC 
and latent residuals are used to assess each of the fitted models as 
described above. Full details of the model selection tools used are 
provided in Section S1.4 in Supplementary Material.

2.4. Risk Quantification
In order to make the results of inference more directly relevant 
to the development of disease control, we construct posterior 
predictive distributions that quantify farm-level risk. To do so, 
we start by drawing a large number of independent samples from 
the joint posterior distribution for each model variant (i.e., each 
kernel). For each kernel, and a fixed set of initial conditions, these 
sampled parameter values are used to simulate multiple realiza-
tions of an epidemic using the Gillespie algorithm from which we 
record the infected sites and event times. From the large number 
of simulated epidemic realizations obtained, distributions are 
calculated for each kernel by evaluating the proportion of realiza-
tions in which each premise becomes infected at any given point 
in time. Such posterior predictive distributions can be used to 
produce heat maps showing the spatial distribution of farm-level 
infection risk (see further in section: Results) at a given point in 
time. The heat maps are produced at a length of times sufficient 
to capture the early phase and small scale epidemics’ behavior.

An alternative approach to visualizing this information is to 
summarize the simulated epidemics by looking at the average 
proportion of infected farms (farm-level prevalence) as function 
of time. However, interpreting such average between-farm preva-
lences is complicated by the fundamental characteristics of dis-
ease transmission in SIR epidemics. In particular, it is well known 
that when the basic reproduction rate R0 > 1 disease spreads on 
average, but that the final size distribution for a stochastic SIR 
epidemic model is bimodal, showing that some epidemics die-out 
before becoming large, while others grow to affect a large propor-
tion of the population (8, 57) (see Section S2.1.3 in Supplementary 
Material). Given that the mean of a bimodal distribution is not a 
meaningful summary statistic, we use the mean of the final size 
distribution as a boundary defining small and large epidemics. 
This enables us to calculate the probability of obtaining small and 
large outbreaks and plot average between-farm prevalence as a 
function of time for both small and large outbreaks, as predicted 
under each of the four kernels.

2.5. Simulation Studies
To assess the reliability of parameter inference and model selection 
and to evaluate the effect of final epidemic size, we generate data 
sets based on the Gillespie algorithm (56), introducing the disease 
via a single randomly selected primary (index) case located in a 
closed population of N = 201 farms in a square of sides [0, 2,000] 
km (corresponding to an average density of 5 × 10−5 farms per 
102 km2) and using a fixed set of parameters for each scenario 
considered. The simulation studies described below are divided 
into simulation study 1 which focuses on single data sets gener-
ated using two contrasting kernels, and study 2 which explores 
coverage properties of our inference procedure using data sets 
generated from multiple realizations of each of these scenarios. 
Bayesian inference is applied to every simulated data set to fit 

models based on all four kernels (K1, K2, K3, K4), and the model 
selection procedures described above are applied to every data set 
to discriminate between the kernels.

2.5.1. Simulation Study 1a
We first simulate a single realization of the epidemic assuming 
that the mechanism of disease spread is described by kernel 
K1. More specifically the characteristics of underlying infection 
process are β0  =  0.35, K1  =  exp{−0.008ρ(i,j)} with an initial 
condition in which all farms are susceptible except for a single, 
randomly selected primary case. The infectious period follows a 
Ga(5, 5) distribution. A total of nR = 43 removed individuals were 
recorded together with their removal times.

2.5.2. Simulation Study 1b
A single data set of detection times is generated from a simulation 
using kernel K2 instead of K1. The detection time distribution and 
initial conditions are as in study 1a but here, β0 = 400, K
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and nR = 44 removal times were obtained.

2.5.3. Simulation Study 2a
Different outbreak sizes are considered in order to assess 
goodness-of-fit and evaluate the performance of model selection 
tools as epidemic size increases. Simulations are performed to 
obtain n = 30 realizations for each epidemic size category of [6, 
10], [11, 15], [16, 20], [21, 25], [26, 30], [31, 35], [36, 40], and 
[41, 45]. For each realization, a data set of detection times was 
recorded. For each randomly selected incursion event, the spread 
of the disease was simulated using kernel transmission function 
K1 with the same parameterization used in simulation study 1a. 
Considering only small (≤45 infected farms) completed epidem-
ics, we subsequently inferred all parameters of interests (as well as 
posterior distributions of infection times for infected premises), 
and computed all three measures of goodness-of-fit (DIC1, DIC2, 
ILR) under the hypothesis that the spread of the disease follows 
a kernel transmission function with a shape either K1, K2, K3, or 
K4. For each scenario, coverage properties (i.e., the number of 
times the true parameter values fall within their respective 95% 
credible intervals) are recorded for each size category described 
above.

2.5.4. Simulation Study 2b
To evaluate the resilience of our conclusions given to the shape of 
the kernel transmission function of the data generation process, 
an analogous procedure to that described for study 2a was car-
ried out considering data generated using K2 (i.e., instead of the 
kernel transmission function K1) with the same parameterization 
as used in simulation study 1b.

2.6. Field Data
In 2000, the UK experienced an outbreak of CSF across the region 
of East Anglia (44). Unlike in the Netherlands where the CSF 
outbreak has been detected in various areas of the country (58), 
the UK outbreak was only detected in the region of East Anglia, 
with n = 16 farms found infected in the 3 month-long outbreak. 
Records of the pig population at the time show that N = 1,703 pig 
farms were present in the affected area and were considered at risk 
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Table 1 | Computed DIC1 and DIC2 values and the proportion of p-values 
less than 5% obtained from testing the distribution of ILRs when fitting 
model variants K1, …, K4 to simulated data from scenarios 1a (a) and 1b 
(b).

(a) Simulation study 1a: true kernel, K1

DIC1 DIC2 Pr(p < 5%)

K1 266 761 6.42%
K2 274 23,741 36.88%
K3 285 630 90.99%
K4 273 39,486 39.29%

(b) Simulation study 1b: true kernel, K2

DIC1 DIC2 Pr(p < 5%)

K1 239 371 34.79%
K2 227 494 4.43%
K3 252 362 89.61%
K4 394 489 4.64%

Bold font indicates the smallest values for the DICs and Pr(p < 5%) bringing out the 
selected model by each tool.
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(44). This represents an approximate average population density 
of 6.08 per 102 km2. Although all pig farms in the UK could be 
considered at risk, inferred transmission distances are small 
relative to the area occupied by the above subpopulation, and 
all infected premises are contained comfortably in the defined 
region and the risks for farms outside the subpopulation consid-
ered are considered negligible given their distances to the infected 
farms and the inferred transmission kernels (see Results section), 
unless sources of infection exist other than those considered in 
the modeling framework used here. The inferences presented 
below would therefore be essentially unchanged by accounting 
for a larger at risk population.

All parameters of interest including infection times were 
inferred using data describing farm locations and the time 
at which each premises was detected and reported infected. 
Control interventions consisted of depopulation of infected 
premises within 24 h of reporting of disease detection. Inference 
was conducted, and all model selection criteria and measures 
of goodness-of-fit computed, under the hypothesis that spread 
of the disease was described by the spatial SIR model described 
above with each of the kernel transmission functions K1, K2, K3, 
or K4. Although CSF is highly contagious and may result in the 
death of young animals, clinical sign are non-specific and can 
result in failed diagnosis and a long period of undiagnosed spread 
(59). Consistent with the literature (20), we therefore assumed 
that a minimum of 8 days was required for infected premises to be 
detected. Therefore, during the fitting procedure, the infectious 
period was assumed to follow a left-truncated gamma distribu-
tion. Full details are available in Section S1.1 in Supplementary 
Material.

3. RESULTS

3.1. Testing Inference Methods with 
Simulated Data
We first make use of simulated data to assess the performance of 
inference and model selection procedures and risk assessments 
based on them. Initially the focus is on inference from individual 
epidemics, but latterly we explore coverage properties, as a func-
tion of outbreak size, by considering performance on data from a 
representative ensemble of epidemics.

3.1.1. Inference from Single Epidemics
Posterior means for model K1 parameters, under simulation study 
1a, were 0.396 (95% credible interval 0.169, 0.761), 6.251 (2.638, 
11.631), 0.00771 (0.00540, 0.01031), and 4.907 (1.986, 9.190), 
respectively, for β0, γ, τ, and α. All 95% credible intervals overlap 
with the underlying parameters values used to generate the data, 
suggesting our inference framework is able to recover appropri-
ate parameterizations when there is no mismatch between the 
data-generating mechanism and fitted model. This is also the 
case for simulation study 1b which replaces kernel K1 with K2 
and inference for β0, γ, τ, α, and d yields estimates 714.576 (59.319, 
2,809.770), 7.931 (3.298, 13.429), 2.016 (1.639, 2.411), 5.567 
(2.228, 9.782), and 2.237 (0.699, 4.717), respectively. Assessments 
of convergence of the outputs of the MCMC sampler reveal no 

evidence of lack of convergence as shown by the auto-correlation 
functions in Section S2.1.1 in Supplementary Material.

Table  1 shows the values obtained for each of the model 
selection tools implemented when assessing the fit of model vari-
ants based on each of the four transmission kernels. The correct 
kernel was identified when considering the ILRs making use of 
the measure Pr(p < 5%), the proportion of p-values less than 5% 
based on the latent residuals, and using DIC1. It is also worth not-
ing that analysis of the residuals suggests an equally good fit for K2 
and K4 in simulation study 1b. By contrast, DIC2 led to selection of 
the incorrect kernel in both situations, preferring K3 rather than 
either K1 or K2. This finding is consistent with previous studies 
(40) and highlights that using DIC2 may generate selection bias.

To evaluate the implication of such miss-selection on predicted 
risk associated with different premises, we construct posterior 
predictive probabilities of infection under all kernels (corre-
sponding risk maps are shown in Section S2.1.4 in Supplementary 
Material). Comparing across kernels there are clear differences in 
risk levels predicted for many locations. K3 predicts highest risk 
of infection for all farms while predicted risk under K2 and K4 
decreases for extreme locations, whereas the predicted risk under 
K1 falls off much faster with distance from the index case.

Figure 1 shows separately for both small and large outbreaks, 
how the average proportion of infections, i.e., the total number of 
cases divided the total number of farms within the area, evolves 
through time under different kernels. Small (large) outbreaks are 
defined as those less (greater) than the posterior mean epidemic 
size (see methods). The between kernel differences in the poste-
rior predicted average proportion of infected premises through 
time, are very noticeable for small epidemics, and still visible, but 
to a lesser extent, for large epidemics.

We also evaluated the posterior predicted risk of a small as 
opposed to a large outbreak. Under simulation study 1a small 
epidemics occur 61.87% of times for K1, 58.59% for K2, and 
52.88% and 59.12% for K3 and K4, respectively. Similar propor-
tions are obtained under simulation study 1b except for small 
difference in K3 with 57.18%, while other proportions are 60.39%, 
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Figure 1 | Posterior predicted average proportion of premises infected as the epidemics evolve in time (days). On each graph, the lines correspond to 
the results obtained when kernels K1 − K4 are fitted to data. The column on the left shows results using data from simulation study 1a and is divided into predicted 
outbreaks that are (A) small or (C) large. The column on the right shows results from simulation study 1b, stratified for (B) small or (D) large predicted outbreaks. 
The size of outbreaks was classified as either small or large based on final outbreak sizes being smaller or larger than the mean of the final size distribution (see text 
for details).
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K3 produced the most extreme predictions of risk. However, this 
was also the model least favored when testing model assumptions 
using the ILRs, but was not consistently ranked by DIC1. In simu-
lation study 1b, analysis of ILRs leads to selection of two models, 
i.e., with kernels K2 and K4, and these models produced almost 
identical posterior predicted risk profiles in terms of expected 
proportion of infected farms. This similarity is not evident in their 
DIC1 scores. These results suggest that model selection based on 
the ILRs may be better able to identify differences in posterior 
predicted risk profiles than DIC.

3.1.2. Coverage Properties and Effect of  
Outbreak Size
To generalize our findings, we considered epidemics generated 
with either a K1 or K2 kernel function and evaluated how inferences 
(description in section Bayesian Inference) and model selection 
tools (details given in section Model selection) considered may 
perform as a function of the epidemic size and across multiple 
realizations of the epidemic process (see sections Simulation 
study 2a and Simulation study 2b). Coverage properties of our 

59.03%, and 58.83% for K1, K2, and K4, respectively. It is also worth 
noting that in both simulation studies 1a and 1b, the observed 
epidemics on which inference is based are classed as small, but 
these lie at the upper end of the final size distribution for small 
epidemics according to the outbreak size classification used here. 
Inference from these single outbreaks therefore captures the true 
underlying bimodal nature of the outbreak risk associated with 
the SIR dynamic (see Section S2.1.3 in Supplementary Material). 
In terms of assessment of risks associated with future incursions 
this means that the probability of obtaining an outbreak similar 
in size to the observed outbreak is relatively low.

The posterior predicted estimates of future outbreaks produce 
rather different risk assessments depending on the kernel used 
to fit the data, suggesting that reliable model choice is of key 
importance.

In assessing the model selection criteria studied here several 
key points are noteworthy. First, the ability of DIC2 to identify the 
correct model is poor, whereas DIC1 and the ILRs do so in both 
simulation study 1a and 1b. Second, different kernels lead to dif-
ferent predicted risk. For example, the model variant with kernel 
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Figure 2 | Probabilities of correctly selecting the right model using latent residuals (LR), DIC1, and DIC2 in the case of (A) simulation study 2a (using 
K1 to simulate the data) and (B) simulation study 2b (using K2 to simulate the data). Both graphs show that the LR perform better (higher probabilities) in 
selecting the right kernels than the DICs as the epidemic size increases.
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inference procedure from multiple realizations are explored and 
available in Section S2.2 in Supplementary Material. The cover-
age rates obtained show that the true parameters are contained 
approximately 95% of the time in their corresponding credible 
intervals. However, the rates are higher for the parameters of 
the infectious period distributions where informative priors are 
used on the shape parameter as in Kypraios (52) and Streftaris 
and Gibson (60). The uncertainty of the estimates reduces as the 
epidemic size increases.

For each epidemic size category, Figure  2 plots the pro-
portion of simulated data sets from which each of the model 
selection criteria successfully identifies the correct kernel. 
Figure 2 shows that, although inferences of model structure are 
reasonably accurate for small epidemics, increasing epidemic 
size increases the accuracy with which the underlying infection 
process is identified. However, this depends on which measures 
of goodness-of-fit are used. While the DIC measures contradict 
each other, the latent residuals typically distinguish between 
the kernels and select the correct model used to simulate the 
outbreak (e.g., Figure 2A). However, for the smallest outbreaks, 
DIC1 has the best record (e.g., Figure 2B), but as epidemic size 
increases, the reliability of the latent residuals quickly improves 
and outperforms both DIC1 and DIC2. For epidemic sizes 
greater than 20, ILRs identify the correct model in at least 90% 
of cases. In all situations considered, DIC2 provided contradic-
tory results to DIC1, maintained a low success rate in choosing 
the true model, which for scenario 2b actually declined with 
outbreak size.

Figure  2B illustrates the resulting patterns from simulation 
study 2b which uses models based on K2 to generate the data. This 
plot shows results for fitting only K1–K3, and K4 is not considered 
since as we saw above K2 and K4 are difficult to discriminate, but 
lead to similar risk assessments. Including both here, therefore 
gives a biased view of the model selection process (see Section S3 
in Supplementary Material). To better understand why these ker-
nels are not efficiently discriminated, we explored the effect of the 
density of the population at risk. Results (details shown in Section 

S3 in Supplementary Material) show that increasing the density of 
farms provides more information about short-range transmission 
(i.e., more short-range transmissions occur) allowing differences 
between K2 and K4 to be distinguished. For realistic range of 
parameters, K2 and K4 can have similar long-range behavior or 
similar short-range behavior, but not both and therefore can 
agree when fitted to data which largely excludes short-range 
transmission, as is the case when the population density is low. 
These results highlight the critical importance of population 
density in the local spread of disease. They also explain the effect 
seen here where we are unable to discriminate between kernels 
K2 and K4 using simulated data from a low density population 
(5 × 10−5 per 102 km2), but are able to detect differences between 
these kernels when fitting to field data below (see section Classical 
Swine Fever epidemic) where the density of farms is considerably 
higher (6.08 per 102 km2).

3.2. Classical Swine Fever Epidemic
We now apply the inference and model selection methodologies 
described above to field data from a small scale outbreak of CSF 
in East Anglia, UK in 2000.

As described in section Materials and Methods, stochastic 
spatio-temporal models were fitted to the CSF outbreak field data 
(see section Field data for details) using each of the kernels K1–K4. 
This process yielded estimates of a number of quantities that are 
difficult to measure directly including the unobserved infection 
times, the infectious period distribution and the transmission 
kernel. In general, the inferred infection times agree well with 
the independent estimates obtained through contact tracing 
procedures during control activities as shown in Section S2.4 in 
Supplementary Material. The average infection times suggest that 
infections from first to last infected farm happen in an interval of 
approximately 65 days and around 9 farms were infected before 
the first detection.

As expected, the inferred transmission kernel functions all 
decay as a function of distance but vary according to the fitted 
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Figure 3 | Posterior predicted average proportion of premises infected plotted as a function of time. On each graph, the lines correspond to the results 
obtained when kernels K1 − K4 are fitted to the CSF data with final sizes (A) smaller or (B) larger than the mean of the final size distribution.
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form. Posterior medians and their corresponding 95% credible 
intervals of the kernel transmission function are plotted on a 
log-scale under the four different kernels, with details on model 
goodness-of-fit and convergence in Section S2.4 in Supplementary 
Material. K1 seems to decay fastest with the widest 95% credible 
interval. As before K2 and K4 look very similar in terms of median 
shape and credible interval and seem to allow for close range 
transmission, while K3 decays very slowly and presents the small-
est 95% credible interval. By contrast, choice of the transmission 
kernel has little impact on the inferred infectious period (Section 
S2.4 in Supplementary Material).

We now evaluate the impacts of each kernel on posterior 
predicted risks. Figure 3 displays the mean posterior predicted 
proportion of infected farms as a function of time. Predictions 
of this risk measure under K3 anticipate a larger number of 
infected premises, both in the case of small and large outbreaks, 
when compared with predictions based on the other kernels. 
The predictions under the remaining kernels are similar, and 
once again the differences between K2 and K4 are particularly 
small. As before, small (large) outbreaks are defined here as 
those where the final epidemic size is smaller (larger) than the 
mean of the final size distribution. The similarity between K2 
and K4 and the relative difference of predictions under K3 also 
hold for the inferred probabilities of a small outbreak, which 
are 65.45%, 66.17%, 63.75%, and 66.17%, respectively, under 
kernels K1, K2, K3, and K4. As with the simulation studies, the 
observed epidemic was classified as small but with the propor-
tion of infections observed in the real epidemic greater than the 
average size predicted for small outbreaks (see plot in Section 
S2.5 in Supplementary Material).

Figure  4 further illustrates the importance of kernel choice 
by plotting risk maps of the probabilities of infection of each 
farm for a disease incursion. While farms close to the index case 
seem to present the highest risks of infection across all maps, the 
risk profiles of farms look different as we get further from the 
index case under each kernel. Figure 4 shows that predicted risks 
under K3 are the highest for farms situated at the largest distances 

from the index case because of its long right tail. At intermedi-
ate distances, the risks of farms under kernel K1 are actually the 
greatest, but predicted risk is the lowest and decreases quickly for 
long distances compared to the other kernels. Kernels K2 and K4 
predict visually similar risk with a consistent pattern of observed 
cases in terms of spatial extent and intensity of infection within 
the high risk area.

It is worth noting that most observed cases during the real 
CSF outbreak have a relatively high risk profile with an average 
probability of infection by t = 90 days of {0.52, 0.46, 0.46, 0.45} 
under K1, K2, K3, and K4, respectively, while the average risk across 
all farms is {0.41, 0.36, 0.40, 0.35}, i.e., a difference of {0.11, 0.10, 
0.06, 0.10}. The different risk predictions under the four kernels 
are further quantified in Table 2 which shows the number of farms 
with expected posterior probability of infection by t = 90 days less 
than 0.15, between 0.35 and 0.45, and greater than 0.45. Most 
farms showed probability of infection between 0.35 and 0.45 for 
K3 while predictions under K1 show more farms in this highest 
risk category. These figures also reveal relatively subtle differences 
in predicted risk under K2 and K4. The contrasting risk profiles 
explored above provide a further demonstration of the impor-
tance of kernel choice in predicting risk and therefore in terms of 
the design of disease control programs. Therefore, we now turn 
to our model selection methods.

As previously, we used DIC1 and DIC2 and the latent residual 
methodology to assess the suitability of the four kernel transmis-
sion functions in light of the available data. The latent residuals 
method gave a preference to K2, followed in order of choice by 
K4, K1, and K3, respectively, as shown in Table 2. From a purely 
model assessment perspective, there is some evidence against all 
the kernels using the latent residuals since Pr(p < 5%) is greater 
than 5% in all cases, but this is hardly surprising given the relative 
simplicity of the models used. However, in terms of model selec-
tion, K2 is preferred. DIC1 agrees with the latent residuals method 
in the choice of K2 as the preferred kernel but the assessments 
are not in the same order for the other kernels. By contrast, DIC2 
values do not show significant differences between kernels.
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Figure 4 | Comparison of the risk maps using K1, K2, K3, and K4 at time t = 90 days, corresponding to a length of time sufficient to capture the early 
phase and small scale epidemics’ behavior, based on the population from the CSF data. The 16 cases detected during the real outbreak are shown by the 
“+” symbols, along with the index case shown as a red square. The x and y axes are in meters.
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4. DISCUSSION

The potential for large scale livestock epidemics to give rise to 
significant economic, welfare, and social costs (see, e.g., Ref (4, 
5)) emphasizes the need for quantitative assessment (8, 9) of 
the risks associated with emerging and re-emerging pathogens. 
There is potential to use small localized outbreaks of emerging 
or re-emerging pathogens to inform such risk assessments before 
a large outbreak occurs. The key challenge addressed in this 
paper is to use data from small localized historic outbreaks (21) 
to inform quantitative risk assessment. We show that rigorous 
risk assessment based on small outbreaks can be achieved by 
combining state of the art methods for statistical inference in 
stochastic epidemic models. Moreover, this methodology was 

tested using simulated scenarios and by application to data on a 
small outbreak of CSF in East Anglia, UK (44).

We have shown that data-augmentation MCMC techniques 
(23, 25, 27) can be applied to continuous time models in order 
to generate Bayesian estimates of key characteristics of between-
farm epidemics using data from small outbreaks consisting of 
farm locations and times at which disease is detected on farm. 
These estimated characteristics, impractical or difficult to measure 
directly, include unobserved exposure times, the distribution of 
times between exposure and disease detection, and the so-called 
transmission kernel describing the nature of spatial spread of 
disease between farms.

Analysis of inferences based on simulated data scenarios 
shows that when the fitted model has the same form as that used 
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Table 2 | Summary of model fit and risk assessments based on the CSF data: the results are provided for each kernel K1 − K4 as indicated in the first 
column.

DIC1 DIC2 Pr(p < 5%) n(risk > 0.45) n(risk ∈ (0.35, 0.45)) n(risk < 0.15)

K1 429 156 27.78% 866 395 72
K2 317 157 10.67% 105 954 1
K3 353 156 32.83% 1 1,466 0
K4 411 158 19.47% 15 933 1

The next two columns indicate the computed DIC1 and DIC2 values with their smallest values under K2 and K3, respectively. The following column reports the proportion of p-values 
less than 5% (Pr(p < 5%)), resulting from testing the distribution of ILRs at each MCMC iteration, with the smallest proportion occurring under K2. The other columns show the 
number of farms falling in defined intervals of probabilities of infection at time t = 90 days under the four kernels.
Bold font indicates the smallest values for the DICs and Pr(p < 5%) bringing out the selected model by each tool.
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to generate the data, inferred parameter estimates are reliable 
even when using data from relatively small outbreaks, and the 
precision of such estimates increases with outbreak size. Fitted 
models can be used to conduct risk assessments of future outbreak 
scenarios that account for the uncertainty in parameter estimates. 
Such predicted risks are said to be drawn from a posterior predic-
tive density and can be used to inform disease control efforts, 
e.g., targeting high risk farms (18, 61). Therefore, the method has 
the potential to inform the design and implementation of control 
measures such as the size of control zones used as part of wider 
movement restrictions and the geographically targeted use of 
vaccine and removal operations (17, 50, 62).

However, when analyzing real disease outbreaks all imple-
mentable models are, to varying degrees, approximations of the 
underlying system (63). We therefore considered scenarios in 
which the data were generated using a known model, and then 
used as the basis of inference for a set of models which varied 
according to the functional form of the spatial transmission ker-
nel. Since the resulting risk assessments were found to be depend-
ent on the structure of the model being fitted, model choice has 
important implications for such disease control policies.

Although risk assessment could be based on a weighted 
average across the set of models considered, here we focused 
on criteria used to select a single best-fit model. In particular, 
we considered two forms of the Deviance Information Criteria 
(DIC) and model selection based on analysis of so-called latent 
residuals (see methods for details). DIC is not uniquely defined 
for inference problems involving latent variables, e.g., missing 
exposure times, and we considered two variants, DIC1 and DIC2 
(37). Latent residuals are designed to assess the fit of particular 
model components and we focused on Infectious Link Residuals 
(ILRs) to test the appropriateness of the form of the kernel 
density function (40). The set of fitted models included the data-
generating model thus enabling an objective assessment of these 
model selection procedures. Multiple simulated replicate data 
sets for a range of outbreak sizes were generated and fitted so 
that coverage properties of inferences could be determined and 
reliability of model selection procedures assessed as a function of 
outbreak size.

For the scenarios considered it was found that DIC2 was 
unreliable, but that model selection based on either DIC1 or ILRs 
achieved high levels of reliability even when using data from 
relatively small outbreaks. For outbreak sizes of 11–15 and above, 
model selection based on ILRs out performed that based on DIC1. 
For outbreaks with more than 20 cases, there is at least 90% of 

chance of selecting the correct kernel using ILRs, increasing to 
100% for outbreaks with 31–35 cases or greater. However, reli-
ability falls off with outbreak size and for data sets containing 
6–10 cases, analysis of ILRs identified the data-generating model 
in a little over 50% of cases. In this very low data regime, DIC1 was 
seen to give slightly more reliable model selection.

Ranking of models based on ILRs was more closely correlated, 
in comparison with DIC based assessments, with predicted risks 
under future disease incursion scenarios. For example, we found 
that two of the four transmission kernels considered in this study 
provided similar fits to the data especially when the density of 
farms was low and the number of short-range transmissions 
limited. In such scenarios, it was found that the kernel K4 and 
a generalized form of the Cauchy kernel K2 that captures short-
range spread, predicted very similar risk profiles. Moreover, this 
similarity was reflected in model rankings based on the infec-
tious link residuals, but not in DIC values. When farm density 
was higher a greater number of short-range transmissions were 
inferred and differences between K4 and K2 were evident in both 
rankings based on ILRs and in the posterior predicted risk pro-
files. In the case of field data on CSF, we found subtle differences 
in the risk profiles predicted under these two kernels, and this was 
flagged by analysis of the ILRs. However, the similarity between 
predictions under these models was not reflected in their DIC 
scores.

We have illustrated our approach using a particular set of 
between-farm epidemic models applicable to CSF outbreaks. 
However, the methodology is flexible and could be applied to 
a broad range of models, e.g., incorporating additional disease 
classes, multiple diagnostic tests, or the modeling of specific 
routes of infection. Here, we considered kernel transmission 
functions based on Euclidean distance and in many cases, the 
detailed information needed to parameterize more specific routes 
of infection may not be available. Euclidean distance-based ker-
nel transmission functions have been extensively used by many 
authors (48–52) and according to Savill et  al. (64), Euclidean 
distance is better predictor of transmission risk than shortest and 
quickest routes via road, and appropriate to most regions except 
where major geographical features intervene.

We tackled the challenging problem of extracting useful 
information from a knowledge of just the location of the sus-
ceptible population of farms and farm-level case detection data 
obtained from observations of small sized epidemic outbreaks 
(16 cases for the CSF epidemic). We have shown that using 
such limited data it is possible to perform reliable inferences 
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and quantify disease risks associated with individual farms. The 
work reported here focused on SIR epidemic models. In the 
case of CSF within individual animals, there is evidence of an 
exposed class, E, suggesting that for an individual level model an 
SEIR model would be more appropriate (20). However, in this 
paper the farm was taken to be the basic epidemiological unit 
since information was only available describing the infectious 
status of whole farms and following Stegeman et al. (58) farms 
were categorized according to an SIR framework. Definition 
of the exposed state at the whole farm level is somewhat 
problematic since exposed individuals may be moved between 
farms and therefore spread infection. We note that in modeling 
between-farm transmission, Boender et al. (43) do not consider 
an exposed farm state explicitly but do modulate for farm size. 
An interesting focus of future work could be a formal statistical 
assessment of SEIR versus SIR models of between-farm spread. 
However, in the small outbreak setting this would be challeng-
ing given the limited information available in the data. Other 
authors have sought to tackle limitations in observed case data 
by developing approaches that combine phylogenetic informa-
tion with the case detections to increase the power of estimates 
(65–67). However, the methods presented here are applicable 
in the many situations where suitable phylogenetic data is not 
available.

The underlying methods described in this paper are generic 
and could be applied to a wide range of disease scenarios includ-
ing other livestock diseases. However, while the methodology is 
generic it is critical to tailor models to the scenario of interest to 
represent key aspects of the disease dynamics and the available 
data. For example, such models could account for the role of 
wildlife in disease transmission, but in practice how this could be 
achieved is dependent on the extent to which data is available on 
the prevalence of the focal pathogen in the wildlife host (or hosts). 
In the absence of such data, it is likely that at best it may be possi-
ble to estimate a background infection rate from wildlife sources. 
Another interesting possibility would be to simultaneously model 
the spread of multiple pathogens including interactions between 
them, but again this would only yield meaningful estimates if 
suitable data were available.

In conclusion, we have developed a toolkit to reliably 
assess risks from potential future disease incursions using 
observational data from historic outbreaks that can be applied 
to support policy decisions relevant to contingency planning 
for emerging and re-emerging pathogens. We have shown 
that epidemic models based on discrete state continuous time 
Markov and semi-Markov processes and data-augmentation 
MCMC techniques enable reliable and rigorous statistical infer-
ences and probabilistic risk assessments based on data from 
relatively small between-farm outbreaks. Moreover, recently 
introduced model assessment methodology based on latent 
residuals (40) enables candidate models to be ranked, on the 
basis of their fit to the available data, in a manner that is more 
reliable than standard DIC approaches (35, 37). We tested this 
toolkit in the data limited regime using both simulated data 

and by application to a real world outbreak of CSF with only 
16 infected farms.

Our approach is designed to make the best possible use of the 
data available from even very small historic outbreaks. However, 
it is important to realize that such data may provide a biased 
view of future incursions. For example, if the region in which the 
historic outbreak occurred is not representative of the regions for 
which risk assessments are needed, then estimates obtained, e.g., 
of rates of transmission need to be applied with suitable caution. 
Nonetheless, our approach does provide a rational and statisti-
cally rigorous approach to extracting information on disease 
dynamics and transmission characteristics that are difficult, costly 
or impossible to measure directly. The quantification of such 
characteristics and associated uncertainty provides a practical 
and rational basis for the quantitative assessment of risks under 
future pathogen incursions.

ETHICS STATEMENT

Ethical approval not required as the data were collected from 
clinical examinations arising from a natural outbreak.

AUTHOR CONTRIBUTIONS

KG, GM, and TP conceptualized the ideas and formulated the 
goals. KG and GM developed and designed the methodology 
with the formal analyses carried by KG. TP provided the outbreak 
data and all authors contributed to the writing of the manuscript. 
GM secured funding for this project.

ACKNOWLEDGMENTS

The authors gratefully acknowledge the Animal and Plant Health 
Agency (APHA) for providing under confidentiality agreements, 
the 2000 CSF outbreak data in East Anglia, including details of 
infected premises, contact tracing investigation, and susceptible 
herds. The authors are also thankful to Giles Innocent at BioSS 
for his valuable comments. The authors thank the Editor and two 
referees for their positive comments which have helped to greatly 
improve the presentation.

FUNDING

KG, GM, and TP were funded by the Scottish Government Rural 
and Environment Science and Analytical Services Division 
(RESAS), as part of the Centre of Expertise on Animal Disease 
Outbreaks (EPIC); KG and GM also received funding from the 
RESAS Strategic Research Programme.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found 
online at http://journal.frontiersin.org/article/10.3389/fvets. 
2017.00016/full#supplementary-material.

92

http://www.frontiersin.org/Veterinary_Science
http://www.frontiersin.org
http://www.frontiersin.org/Veterinary_Science/archive
http://journal.frontiersin.org/article/10.3389/fvets.2017.00016/full#supplementary-material
http://journal.frontiersin.org/article/10.3389/fvets.2017.00016/full#supplementary-material


Gamado et al. Inference for Small Scale Epidemics Data

Frontiers in Veterinary Science  |  www.frontiersin.org February 2017  |  Volume 4  |  Article 16

REFERENCES

1.	 Gibbens JC, Wilesmith JW, Sharpe CE, Mansley LM, Michalopoulou E, Ryan 
JBM, et al. Descriptive epidemiology of the 2001 foot-and-mouth disease epi-
demic in Great Britain: the first five months. Vet Rec (2001) 149(24):729–43. 
doi:10.1136/vr.149.24.729

2.	 Dijkhuizen AA. The 1997-1998 outbreak of classical swine fever in The 
Netherlands. Prev Vet Med (1999) 42:135–7. 

3.	 Stegeman A, Elbers A, de Smit H, Moser H, Smak J, Pluimers F. The  
1997-1998 epidemic of classical swine fever in the Netherlands. Vet Microbiol 
(2000) 73(2–3):183–96. doi:10.1016/S0378-1135(00)00144-9

4.	 National Audit Office. The 2001 Outbreak of Foot and Mouth Disease HC 939 
Session 2001-2002. Technical report. London: Stationary Office (2002).

5.	 Horst HS, de Vos CJ, Tomassen FHM, Stelwagen J. The economic evaluation 
of control and eradication of epidemic livestock diseases. Rev Sci Tech (1999) 
18:367–79. doi:10.20506/rst.18.2.1169

6.	 Kocik J, Janiak J, Negut M. Preparedness against bioterrorism and re-emerging 
infectious diseases. NATO Asi. Amsterdam: IOS Press (2004).

7.	 Kapur GB, Smith JP. Emergency Public Health: Preparedness and Response. 
Sudbury, MA: Jones & Bartlett (2012). 568 p.

8.	 Andersson H, Britton T. Stochastic Epidemic Models and Their Statistical 
Analysis. New York: Springer (2000).

9.	 Jewell CP, Kypraios T, Neal P, Roberts GO. Bayesian analysis for emerging 
infectious diseases. Bayesian Anal (2009) 4(3):465–96. doi:10.1214/09-BA417

10.	 Woolhouse M, Chase-Topping M, Haydon D, Friar J, Matthews L, Hughes G, 
et al. Epidemiology: foot-and-mouth disease under control in the UK. Nature 
(2001) 411(6835):258–9. doi:10.1038/35077149

11.	 Haydon DT, Kao RR, Kitching RP. The UK foot-and-mouth disease outbreak – 
the aftermath. Nat Rev Microbiol (2004) 2:675–81. doi:10.1038/nrmicro960

12.	 Ferguson NM, Donnelly CA, Anderson RM. The foot-and-mouth epidemic 
in Great Britain: pattern of spread and impact of interventions. Science (2001) 
292(5519):1155–60. doi:10.1126/science.1061020

13.	 Chowell G, Hayman JM, Bettencourt LMA, Castillo-Chavez C. Mathematical 
and Statistical Estimation Approaches in Epidemiology. Dordrecht: Springer 
(2009).

14.	 Pritchett J, Thilmany D, Johnson K. Animal disease economic impacts: a 
survey of literature and typology of research approaches. Int Food Agribusiness 
Manage Rev (2005) 8(1):23–45. 

15.	 Knight-Jones TJD, Rushton J. The economic impacts of foot and mouth 
disease – what are they, how big are they and where do they occur? Prev Vet 
Med (2013) 112(3–4):161–73. doi:10.1016/j.prevetmed.2013.07.013

16.	 Pandey A, Atkins KE, Medlock J, Wenzel N, Townsend JP, Childs JE, et al. 
Strategies for containing Ebola in West Africa. Science (2014) 346(6212):991–5. 
doi:10.1126/science.1260612 

17.	 Tildesley MJ, Savill NJ, Shaw DJ, Deardon R, Brooks SP, Woolhouse MEJ, et al. 
Optimal reactive vaccination strategies for a foot-and-mouth outbreak in the 
UK. Nature (2006) 440:83–6. doi:10.1038/nature04324

18.	 Keeling MJ, Woolhouse MEJ, May RM, Davies G, Grenfell BT. Modelling vac-
cination strategies against foot-and-mouth disease. Nature (2003) 421:136–42. 
doi:10.1038/nature01343 

19.	 Porphyre T, Boden LA, Correia-Gomes C, Auty HK, Gunn GJ, Woolhouse 
ME. How commercial and non-commercial swine producers move pigs 
in Scotland: a detailed descriptive analysis. BMC Vet Res (2014) 10:140. 
doi:10.1186/1746-6148-10-140

20.	 Backer JA, Hagenaars TJ, van Roermund HJW, de Jong MCM. Modelling the 
effectiveness and risks of vaccination strategies to control classical swine fever 
epidemics. J R Soc Interface (2009) 6:849–61. doi:10.1098/rsif.2008.0408 

21.	 O’Dea EB, Pepin KM, Lopman BA, Wilke CO. Fitting outbreak models to 
data from many small norovirus outbreaks. Epidemics (2014) 6:18–29. 
doi:10.1016/j.epidem.2013.12.002 

22.	 Gibson GJ, Renshaw E. Estimating parameters in stochastic compartmental 
models using Markov chain methods. IMA J Math Appl Med Biol (1998) 
15:19–40. doi:10.1093/imammb/15.1.19

23.	 O’Neill P, Roberts G. Bayesian inference for partially observed stochastic 
epidemics. J R Stat Soc A (1999) 162(1):121–9. doi:10.1111/1467-985X.00125

24.	 Gibson GJ, Otten W, Filipe JAN, Cook A, Marion G, Gilligan CA. Bayesian 
estimation for percolation models of disease spread in plant populations. Stat 
Comput (2006) 16(4):391–402. doi:10.1007/s11222-006-0019-z

25.	 Jewell CP, Keeling MJ, Roberts GO. Predicting undetected infections 
during the 2007 foot-and-mouth disease outbreak. J R Soc Interface (2009) 
6(41):1145–51. doi:10.1098/rsif.2008.0433

26.	 Cook A, Marion G, Butler A, Gibson G. Bayesian inference for the spatio-
temporal invasion of alien species. Bull Math Biol (2007) 69(6):2005–25. 
doi:10.1007/s11538-007-9202-4

27.	 Neal P, Roberts G. A case study in non-centering for data augmentation: 
stochastic epidemics. Stat Comput (2005) 15(4):315–27. doi:10.1007/
s11222-005-4074-7 

28.	 Jeffreys H. Some tests of significance, treated by the theory of probability. Proc 
Cambridge Philos Soc (1935) 31(2):203–22. doi:10.1017/S030500410001330X

29.	 Kass RE, Raftery AE. Bayes factors. J Am Stat Assoc (1995) 90(430):773–95.  
doi:10.1080/01621459.1995.10476572

30.	 Green PJ. Reversible jump MCMC computation and bayesian model determi-
nation. Biometrika (1995) 82(4):711–32. doi:10.1093/biomet/82.4.711

31.	 Hastie DI, Green PJ. Model choice using reversible jump Markov chain Monte 
Carlo. Stat Neerl (2012) 66(3):309–38. doi:10.1111/j.1467-9574.2012.00516.x

32.	 Cook AR, Otten W, Marion G, Gibson GJ, Gilligan CA. Estimation of multiple 
transmission rates for epidemics in heterogeneous populations. Proc Natl 
Acad Sci U S A (2007) 104(51):20392–7. doi:10.1073/pnas.0706461104 

33.	 Knock ES, O’Neill PD. Bayesian model choice for epidemic models with two 
levels of mixing. Biostatistics (2014) 15(1):46–59. doi:10.1093/biostatistics/
kxt023 

34.	 Hsu CY, Yen AMF, Chen LS, Chen HH. Analysis of household data on 
influenza epidemic with bayesian hierarchical model. Math Biosci (2015) 
261:13–26. doi:10.1016/j.mbs.2014.11.006 

35.	 Spiegelhalter DJ, Best NG, Carlin BP, Van Der Linde A. Bayesian mea-
sures of model complexity and fit. J R Stat Soc B (2002) 64(4):583–639. 
doi:10.1111/1467-9868.00353

36.	 Spiegelhalter DJ, Best NG, Carlin BP, Van Der Linde A. The deviance infor-
mation criterion: 12 years on. J R Stat Soc B (2014) 76(3):485–93. doi:10.1111/
rssb.12062

37.	 Celeux G, Forbes F, Robert CP, Titterington DM. Deviance information 
criteria for missing data models. Bayesian Anal (2006) 1(4):651–74. 
doi:10.1214/06-BA122

38.	 Gelman A, Meng X-L, Stern H. Posterior predictive assessment of model 
fitness via realized discrepancies (with discussion). Stat Sin (1996) 6:733–807. 

39.	 Draper D. Assessment and propagation of model uncertainty. J R Stat Soc B 
(1995) 57(1):45–97. doi:10.2307/2346087

40.	 Lau MSY, Marion G, Streftaris G, Gibson G. New model diagnostics for 
spatio-temporal systems in epidemiology and ecology. J R Soc Interface (2014) 
11(4):20131093. doi:10.1098/rsif.2013.1093 

41.	 Mintiens K, Laevens H, Dewulf J, Boelaert F, Verloo D, Koenen F. Risk 
analysis of the spread of classical swine fever virus through ‘neighbourhood 
infections’ for different regions in Belgium. Prev Vet Med (2003) 60(1):27–36. 
doi:10.1016/S0167-5877(03)00080-1

42.	 Staubach C, Teuffert J, Thulke HH. Risk analysis and local spread mechanisms 
of classical swine fever. Epidemiol Santé Anim – Proceedings of 8th ISVEE. Paris 
(1997). p. 31–2.

43.	 Boender GJ, van den Hengel R, van Roermund HJ, Hagenaars TJ. The influ-
ence of between-farm distance and farm size on the spread of classical swine 
fever during the 1997–1998 epidemic in The Netherlands. PLoS One (2014) 
9(4):e95278. doi:10.1371/journal.pone.0095278

44.	 Paton D. Chapter 5.3: The reappearance of classical swine fever in England 
in 2000. In: Morilla A, Yoon K-J, Zimmerman JJ, editors. Trends in Emerging 
Viral Infections of Swine. Ames, IA: Iowa State Press (2002). p. 153–8.

45.	 Gay NJ. Modeling measles, mumps and rubella: implications for the design 
of vaccination programs. Infect Control Hosp Epidemiol (1998) 19(8):570–3. 
doi:10.2307/30141782

46.	 Shaw MW. Simulation of population expansion and spatial pattern when 
individual dispersal distributions do not decline exponentially with distance. 
Proc R Soc B (1995) 259:243–8. doi:10.1098/rspb.1995.0036

47.	 Deardon R, Brooks SP, Grenfell BT, Keeling MJ, Tildesley MJ, Savill NJ, et al. 
Inference for individual-level models of infectious diseases in large popula-
tions. Stat Sin (2010) 20(1):239–61. 

48.	 Keeling MJ, Brooks SP, Gilligan CA. Using conservation of pattern to estimate 
spatial parameters from a single snapshot. Proc Natl Acad Sci U S A (2004) 
101(24):9155–60. doi:10.1073/pnas.0400335101

93

http://www.frontiersin.org/Veterinary_Science
http://www.frontiersin.org
http://www.frontiersin.org/Veterinary_Science/archive
https://doi.org/10.1136/vr.149.24.729
https://doi.org/10.1016/S0378-1135(00)00144-9
https://doi.org/10.20506/rst.18.2.1169
https://doi.org/10.1214/09-BA417
https://doi.org/10.1038/35077149
https://doi.org/10.1038/nrmicro960
https://doi.org/10.1126/science.1061020
https://doi.org/10.1016/j.prevetmed.2013.07.013
https://doi.org/10.1126/science.1260612
https://doi.org/10.1038/nature04324
https://doi.org/10.1038/nature01343
https://doi.org/10.1186/1746-6148-10-140
https://doi.org/10.1098/rsif.2008.0408
https://doi.org/10.1016/j.epidem.2013.12.002
https://doi.org/10.1093/imammb/15.1.19
https://doi.org/10.1111/1467-985X.00125
https://doi.org/10.1007/s11222-006-0019-z
https://doi.org/10.1098/rsif.2008.0433
https://doi.org/10.1007/s11538-007-9202-4
https://doi.org/10.1007/s11222-005-4074-7
https://doi.org/10.1007/s11222-005-4074-7
https://doi.org/10.1017/S030500410001330X
https://doi.org/10.1080/01621459.1995.10476572
https://doi.org/10.1093/biomet/82.4.711
https://doi.org/10.1111/j.1467-9574.2012.00516.x
https://doi.org/10.1073/pnas.0706461104
https://doi.org/10.1093/biostatistics/kxt023
https://doi.org/10.1093/biostatistics/kxt023
https://doi.org/10.1016/j.mbs.2014.11.006
https://doi.org/10.1111/1467-9868.00353
https://doi.org/10.1111/rssb.12062
https://doi.org/10.1111/rssb.12062
https://doi.org/10.1214/06-BA122
https://doi.org/10.2307/2346087
https://doi.org/10.1098/rsif.2013.1093
https://doi.org/10.1016/S0167-5877(03)00080-1
https://doi.org/10.1371/journal.pone.0095278
https://doi.org/10.2307/30141782
https://doi.org/10.1098/rspb.1995.0036
https://doi.org/10.1073/pnas.0400335101


Gamado et al. Inference for Small Scale Epidemics Data

Frontiers in Veterinary Science  |  www.frontiersin.org February 2017  |  Volume 4  |  Article 16

49.	 Parry M, Gibson GJ, Parnell S, Gottwald TR, Irey MS, Gast TC, et  al. 
Bayesian inference for an emerging arboreal epidemic in the presence of 
control. Proc Natl Acad Sci U S A (2014) 111:6258–62. doi:10.1073/pnas. 
1310997111 

50.	 Hayama Y, Yamamoto T, Kobayashi S, Muroga N, Tsutsui T. Mathematical 
model of the 2010 foot-and-mouth disease epidemic in Japan and eval-
uation of control measures. Prev Vet Med (2013) 112:183–93. doi:10.1016/ 
j.prevetmed.2013.08.010 

51.	 Boender GJ, van Roermund HJ, de Jong MC, Hagenaars TJ. Transmission risks 
and control of foot-and-mouth disease in the Netherlands: spatial patterns. 
Epidemics (2010) 2:36–47. doi:10.1016/j.epidem.2010.03.001 

52.	 Kypraios T. Efficient Bayesian Inference for Partially Observed Stochastic 
Epidemics and a New Class of Semi-Parametric Time Series Models. Ph.D. 
thesis, Lancaster University, Lancaster (2007).

53.	 Metropolis N, Rosenbluth AW, Rosenbluth MN, Teller A, Teller E. Equations 
of state calculations by fast computing machines. J Chem Phys (1953) 
21:1087–91. doi:10.1063/1.1699114

54.	 Geman S, Geman D. Stochastic relaxation, gibbs distributions, and the 
bayesian restoration of images. IEEE Trans Pattern Anal Mach Intell (1984) 
6(6):721–41. doi:10.1109/TPAMI.1984.4767596

55.	 Spiegelhalter DJ, Thomas A, Best NG, Lunn DJ. WinBUGS version 1.4 user 
manual. MRC Biostat Unit Cambridge, UK (2003). Available from: http://
www.mrc-bsu.cam.ac.uk/bugs/

56.	 Gillespie DT. Exact stochastic simulation of coupled chemical reactions. J Phys 
Chem (1977) 81(25):2340–61. doi:10.1021/j100540a008

57.	 Keeling MJ, Rohani P. Modeling Infectious Diseases in Humans and Animals. 
Princeton, NJ: Princeton University Press (2007).

58.	 Stegeman A, Elbers ARW, Smak J, de Jong MCM. Quantification of the trans-
mission of classical swine fever virus between herds during the 1997–1998 epi-
demic in The Netherlands. Prev Vet Med (1999) 42(3–4):219–34. doi:10.1016/
S0167-5877(99)00077-X

59.	 Le Potier M-F, Mesplède A, Vannier P. Chapter 15: Classical swine fever 
and other pestiviruses. In: Straw BE, Zimmerman JJ, D’Allaire S, Taylor DJ, 
editors. Disease of Swine. 9th ed. Oxford, UK: Blackwell Publishing (2006).  
p. 309–22.

60.	 Streftaris G, Gibson GJ. Bayesian inference for stochastic epidemics in 
closed populations. Stat Modelling (2004) 4(1):63–75. doi:10.1191/1471082X 
04st065oa

61.	 Jönsson B. Targeting high-risk populations. Osteoporos Int (1998) 8(Suppl 1): 
S13–6. 

62.	 Hayama Y, Yamamoto T, Kobayashi S, Muroga N, Tsutsui T. Potential impact 
of species and livestock density on the epidemic size and effectiveness of 
control measures for foot-and-mouth disease in Japan. J Vet Med Sci (2016) 
78(1):13–22. doi:10.1292/jvms.15-0224 

63.	 Box GEP. Science and statistics. J Am Stat Assoc (1976) 71(356):791–9. 
64.	 Savill NJ, Shaw DJ, Deardon R, Tildesley MJ, Keeling MJ, Woolhouse MEJ, 

et al. Topographic determinants of foot and mouth disease transmission in the 
UK 2001 epidemic. BMC Vet Res (2006) 2:3–10. doi:10.1186/1746-6148-2-3

65.	 Ypma RJF, Bataille AMA, Stegeman A, Koch G, Wallinga J, van Ballegooijen 
WM. Unravelling transmission trees of infectious diseases by combining 
genetic and epidemiological data. Proc Biol Sci (2012) 279:444–50. doi:10.1098/
rspb.2011.0913 

66.	 Morelli MJ, Thébaud G, Chadoeuf J, King DP, Haydon DT, Soubeyrand S.  
A bayesian inference framework to reconstruct transmission trees using  
epidemiological and genetic data. PLoS Comput Biol (2012) 8:e1002768. 
doi:10.1371/journal.pcbi.1002768 

67.	 Lau MSY, Marion G, Streftaris G, Gibson G. A systematic Bayesian integration 
of epidemiological and genetic data. PLoS Comput Biol (2015) 11:e1004633. 
doi:10.1371/journal.pcbi.1004633 

Conflict of Interest Statement: The authors declare that the research was con-
ducted in the absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest.

Copyright © 2017 Gamado, Marion and Porphyre. This is an open-access article 
distributed under the terms of the Creative Commons Attribution License (CC BY). 
The use, distribution or reproduction in other forums is permitted, provided the 
original author(s) or licensor are credited and that the original publication in this 
journal is cited, in accordance with accepted academic practice. No use, distribution 
or reproduction is permitted which does not comply with these terms.

94

http://www.frontiersin.org/Veterinary_Science
http://www.frontiersin.org
http://www.frontiersin.org/Veterinary_Science/archive
https://doi.org/10.1073/pnas.1310997111
https://doi.org/10.1073/pnas.1310997111
https://doi.org/10.1016/
j.prevetmed.2013.08.010
https://doi.org/10.1016/
j.prevetmed.2013.08.010
https://doi.org/10.1016/j.epidem.2010.03.001
https://doi.org/10.1063/1.1699114
https://doi.org/10.1109/TPAMI.1984.4767596
http://www.mrc-bsu.cam.ac.uk/bugs/
http://www.mrc-bsu.cam.ac.uk/bugs/
https://doi.org/10.1021/j100540a008
https://doi.org/10.1016/S0167-5877(99)00077-X
https://doi.org/10.1016/S0167-5877(99)00077-X
https://doi.org/10.1191/1471082X04st065oa
https://doi.org/10.1191/1471082X04st065oa
https://doi.org/10.1292/jvms.15-0224
https://doi.org/10.1186/1746-6148-2-3
https://doi.org/10.1098/rspb.2011.0913
https://doi.org/10.1098/rspb.2011.0913
https://doi.org/10.1371/journal.pcbi.1002768
https://doi.org/10.1371/journal.pcbi.1004633
http://creativecommons.org/licenses/by/4.0/


June 2017  |  Volume 4  |  Article 82

Original Research
published: 02 June 2017

doi: 10.3389/fvets.2017.00082

Frontiers in Veterinary Science  |  www.frontiersin.org

Edited by: 
Moh A. Alkhamis,  

Kuwait Institute for Scientific 
Research, Kuwait

Reviewed by: 
Luis Gustavo Corbellini,  

Universidade Federal do Rio  
Grande do Sul, Brazil  
Flavie Luce Goutard,  

Agricultural Research Centre for 
International Development, France

*Correspondence:
Bart H. P. van den Borne  
bartvdborne@gmail.com

Specialty section: 
This article was submitted to 
Veterinary Epidemiology and 

Economics, a section of the journal 
Frontiers in Veterinary Science

Received: 01 February 2017
Accepted: 15 May 2017

Published: 02 June 2017

Citation: 
van den Borne BHP, van Soest FJS, 

Reist M and Hogeveen H (2017) 
Quantifying Preferences of Farmers 

and Veterinarians for National Animal 
Health Programs: The Example of 
Bovine Mastitis and Antimicrobial 

Usage in Switzerland.  
Front. Vet. Sci. 4:82.  

doi: 10.3389/fvets.2017.00082

Quantifying Preferences of Farmers 
and Veterinarians for national animal 
health Programs: The example of 
Bovine Mastitis and antimicrobial 
Usage in switzerland
Bart H. P. van den Borne1*, Felix J. S. van Soest2, Martin Reist3 and Henk Hogeveen2,4

1 Vetsuisse Faculty, Veterinary Public Health Institute, University of Bern, Liebefeld, Switzerland, 2 Business Economics Group, 
Wageningen University & Research, Wageningen, Netherlands, 3 Federal Food Safety and Veterinary Office, Liebefeld, 
Switzerland, 4 Department of Farm Animal Health, Utrecht University, Utrecht, Netherlands

Bovine udder health in Switzerland is of a relatively high level. However, antimicrobial 
usage (AMU) seems high in comparison to other European countries also. A new udder 
health and AMU improvement program could improve this situation but it is uncertain 
whether there is support from the field. This study aimed to quantify preferences of dairy 
farmers and veterinarians for the start and design characteristics of a new national udder 
health and AMU improvement program in Switzerland. A total of 478 dairy farmers and 
98 veterinarians completed an online questionnaire. Questions on their demographics 
and their mindset toward AMU were complemented with an adaptive choice-based con-
joint interview, a novel conjoint analysis technique to quantify preferences of respondents 
for characteristics of a product for which multiple trade-off decisions must be made 
(here a bovine udder health and AMU improvement program). The conjoint analysis was 
followed by a multivariate multiple regression analysis to identify groups of respondents 
with different program design preferences. Logistic regression models were used to 
associate covariates with respondents’ preference to start a new udder health and AMU 
improvement program. Most farmers (55%) and veterinarians (62%) were in favor of 
starting a new voluntary udder health and AMU improvement program, but the program 
design preferences agreed moderately between the two stakeholder groups. Farmers 
preferred an udder health and AMU improvement program that did not contain a penalty 
system for high AMU, was voluntary for all dairy herds, and aimed to simultaneously 
improve udder health and reduce AMU. Veterinarians preferred a program that had the 
veterinary organization and the government taking the lead in program design decision 
making, did not contain a penalty system for high AMU, and aimed to simultaneously 
improve udder health and reduce AMU. Differences between groups of farmers and 
veterinarians concerning their start preference were identified. Also, the magnitude of 
various program design preferences changed for farmers with different opinions toward 
AMU. The information obtained from this study may support the decision-making process 
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and the communication to the field afterward, when discussing national strategies to 
improve udder health and AMU in Switzerland.

Keywords: mastitis, dairy cows, adaptive choice-based conjoint analysis, multivariate multiple regression, animal 
disease program

INTRODUCTION

Bovine mastitis negatively affects milk quality (1, 2), animal 
welfare (3), the herd’s profitability (4), and farmers’ milking 
routine (5). Antimicrobial resistance (6, 7) and an increased risk 
of antibiotic residues in milk (8) are also associated with mastitis. 
Mastitis is the most common reason for applying antimicrobials 
to dairy cattle (9, 10). It therefore impairs the image of the dairy 
industry.

Bovine udder health in Switzerland is, from an international 
perspective, of a relative high level. Bulk milk and composite 
somatic cell counts are low and incidence rates of clinical mastitis 
are reported to be below estimates from other countries (11). The 
milk quality payment system in place largely explains this. Swiss 
farmers receive a penalty from their milk-processing company 
when their geometric bulk milk somatic cell count is ≥350,000 
cells/ml. Some milk-processing companies have set lower penalty 
thresholds. On the other hand, Swiss farmers generally receive 
a bonus from their milk-processing companies when bulk milk 
somatic cell counts are <100,000 cells/ml. Despite a relatively 
good udder health, national annual failure costs of mastitis are 
estimated to be approximately 129 Million Swiss Francs for farm-
ers, which equals to 198 Swiss Francs1 per average cow per year 
(12). Also, antimicrobial resistance of mastitis pathogens is not 
uncommon, especially of coagulase-negative staphylococci spe-
cies for which phenotypic resistance prevalence levels up to 47% 
were observed (13). Finally, approximately 70% of antimicrobial 
usage (AMU) in dairy cows is because of intramammary purpose 
(14), and there is evidence that sales of intramammary antimi-
crobials in Switzerland are high compared with other European 
countries (15). Switzerland has currently a federal strategy to 
improve antimicrobial resistance in the human and animal 
populations and the environment. However, a nation-wide udder 
health and AMU improvement program that could improve its 
situation in dairy herds, especially regarding production losses 
and AMU, is not existing yet. Similar programs have successfully 
been started in many countries, including Australia (16), Canada 
(17), Norway (18), and the Netherlands (19).

Designing a new national animal health control program is 
often a highly complex and political process in which trade-offs 
decisions are to be made between the epidemiological and cost-
effectiveness of proposed interventions on one hand, and time 
restrictions, financial resources, responsibilities, and stakehold-
ers’ interests on the other hand. Issues raised are, for example, 
adaptation of existing legislation or payment schemes, the 
program’s aims and tasks (what should it do?), its implementa-
tion (who should execute it?), and its financing (who should pay 
for it?). Designing a new animal health program is a complex 

1 This equals to €182 or $199 (currency at May 1, 2017)

task in which various stakeholders may have different program 
design preferences. A priori investigating these preferences offers 
a mechanism for shared decision making (20), provides under-
standing of stakeholders’ opinions, and can be a starting point 
when discussing the program’s final design (21). Incorporating 
stakeholders’ preferences into the decision-making process might 
improve their compliance when the animal health program is 
implemented afterward (22). This is expected to be especially true 
for multifactorial animal health issues, such as bovine mastitis 
and AMU, where the involvement of stakeholders from the field 
is crucial for the success of a control program (23, 24). It is cur-
rently unclear whether a new dairy health program to improve 
udder health and intramammary AMU in Switzerland would be 
supported by the field and which components should ideally be 
included when an udder health and AMU improvement program 
is constructed.

The aim of this study was to elicit preferences of Swiss dairy 
farmers and veterinarians for the start and design characteris-
tics of a new national udder health and intramammary AMU 
improvement program. It was also investigated whether groups of 
farmers and veterinarians with different start and design prefer-
ences could be identified.

MATERIALS AND METHODS

Study Population and Sample Size 
Estimation
Two questionnaires were conducted in this cross-sectional study; 
one aiming at farmers and one at veterinarians. The sampling 
frame for the farmer questionnaire consisted of 19,042 dairy 
farmers who were producing marketed milk, had ≥11 cows, and 
an email address deposited at the national milk quality payment 
organization in May 2014 (85% of all Swiss dairy herds; personal 
communication by TSM Trust Ltd., Bern, Switzerland). Seasonal 
communal pasture holdings and herds located in the Italian-
speaking Canton of Ticino were excluded. Furthermore, 1,296 
dairy herds randomly selected from the same sampling frame that 
were requested to participate in a parallel survey were excluded 
from the current study to avoid farmers receiving 2 questionnaires 
shortly after one another. The sampling frame for the veterinar-
ian questionnaire consisted of all 438 Swiss cattle veterinarians 
that were registered with the Swiss Society for Ruminant Health 
(Schweizerische Vereinigung für Wiederkäuergesundheit, Bern, 
Switzerland).

Since no prior information was available on the preference of 
farmers and veterinarians to start a new dairy health program, 
sample size calculations were estimated for the proportion 
with the largest variance (i.e., a proportion of 0.50). A higher 
level of precision was accepted for veterinarians (10%) than for 
farmers (5%) because lower levels resulted in sampling fractions 
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Table 1 | Description of demographic and motivation characteristics of Swiss 
farmers.

Variable Category Frequency

N %

Age (years) 0–42 161 33.7
43–52 165 34.5
≥53 152 31.8

Language German 405 84.7
French 73 15.3

Education Certificate of competence 196 41.0
Agricultural entrepreneur 59 12.3
Professional degree 156 32.6
University (of applied sciences) 14 2.9
Other 53 11.1

Successor Yes 153 32.0
No 61 12.8
Do not know yet 242 50.6
I am the successor but have  
not taken over the farm yet

22 4.6

Production zone Lowland 189 39.5
Hilly region 96 20.1
Mountainous region 193 40.4

Stall system Free-stall 198 41.4
Tie-stall 214 44.8
Both 66 13.8

Production system Conventional 73 15.3
Environmental and  
animal friendly

345 72.2

Organic 49 10.3
Other 11 2.3

Dairy production is the main 
source of income

Yes 451 94.4

No 27 5.7
Crop production Yes 238 49.8

No 240 50.2
Fruit production Yes 91 19.0

No 387 81.0
Poultry production Yes 44 9.2

No 434 90.8
Pig production Yes 100 20.9

No 378 79.1
Veal production Yes 95 19.9

No 383 80.1
Herd size (number of cows) 0–20 171 35.8

21–30 153 32.0
≥31 154 32.2

Incidence rate of farmer-
reported treated clinical mas- 
titis (/100 cow-years at risk)

0–12.5 162 33.9

12.6–23.5 150 31.4
≥23.6 166 34.7

Do you think that anti- 
microbial usage is too high  
in Swiss dairy herds?

Yes
No
I do not know

164
195
119

34.3
40.8
24.9
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that were deemed unachievable. The sample size needed with 
95% confidence in the sample frames of 19,042 dairy herds 
and 438 cattle veterinarians was 385 and 79, respectively, using 
Winepiscope 2.0. Given an expected response rate of 30%  
(25, 26), 1,283 dairy farmers and 264 cattle veterinarians needed 
to be contacted. Using a stratified (by Swiss Canton) random 
sampling approach, 1,300 dairy farmers (with stratum sample 
sizes proportional to the cantonal dairy herd population) were 
eventually requested to participate. All 438 registered cattle 
veterinarians were contacted.

Adaptive Choice-Based Conjoint  
(ACBC) Analysis
Elicitation of farmers’ and veterinarians’ preferences toward 
udder health and AMU improvement program characteristics 
was investigated using the computer-based ACBC analysis 
method (27) within SSI Web 8.4 (Sawtooth Software, Orem, UT, 
USA). In conjoint analysis, respondents make trade-off deci-
sions between different product characteristics allowing to elicit 
the relative preference for each product characteristic. ACBC 
originates from market research and is the latest conjoint analysis 
technique to elicit preferences of respondents for characteristics 
of a product (28). Alternative conjoint techniques have been suc-
cessfully applied in veterinary medicine and animal science to 
elicit farmers’ preferences for management strategies (29–31) and 
as a tool for disease prioritization (32, 33).

In conjoint analysis, products are characterized by attributes 
and levels (e.g., the attribute color may contain the levels red, 
yellow and blue for the product chair). Following conjoint 
analysis terminology, attributes and levels for the “product” 
udder health and AMU improvement program were defined as 
program characteristics that decision makers have to consider. 
Program attributes and levels were initially defined based on 
a literature review and the authors’ experience with national 
mastitis control programs. A draft list of program attributes 
and levels was then discussed with five experts involved in dairy 
cattle disease control in Switzerland, including two experts from 
the Federal Food Safety and Veterinary Office, two researchers 
from the Faculty of Veterinary Medicine, University of Bern, 
and one experienced practicing cattle veterinarian. The list of 
program attributes and levels was finalized after consulting an 
expert from Sawtooth Software to optimize methodological and 
statistical efficiency.

The two questionnaires consisted of four parts. The first part 
investigated the demography of respondents, their opinion on 
AMU in Switzerland (Tables 1 and 2), and their preference toward 
starting a voluntary udder health and AMU reduction program. 
This part included questions determining the herds’ current size 
and the number of treated clinical mastitis cases during the previ-
ous calendar year. The following three parts of the questionnaires 
concerned the ACBC interview. In the second part, respondents 
were offered all program attributes and levels from which they had 
to select their most preferred level for each attribute individually. 
The outcome of this part was brought forward by the software to the 
third part of the questionnaire. This screening section allowed the 
identification of program levels that were systematically avoided 

or preferred by respondents. Here, rather than making definite 
choices, alternative program designs were offered to respondents 
for which they had to indicate whether these were a possibility for 
them or not. Respondents were also asked whether such program 
levels were completely unacceptable or an absolute requirement 
for them. Program design alternatives showed after this screening 
section satisfied those requirements by either explicitly excluding 
or including program levels. Respondents were presented with 
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Table 2 | Description of demographic and motivation characteristics of Swiss 
ruminant veterinarians.

Variable Category Frequency

N %

Gender Male 68 69.4
Female 30 30.6

Language German 92 93.9
French 6 6.1

Are you part of a joint practice? Yes 38 38.8
No 60 61.2

Number of vets working in practice 1 23 23.5
2 18 18.4
3 21 21.4
≥4 36 36.7

Percentage of time allocated to  
dairy cows

0–55% 22 22.5

55–99% 60 61.2
100% 16 16.3

Practice is also covering companion  
animals?

Yes 74 75.5

No 24 24.5
Practice is also covering horses? Yes 75 76.5

No 23 23.5
Practice is also covering pigs? Yes 73 74.5

No 25 25.5
Practice is also covering poultry? Yes 23 23.5

No 75 76.5
Practice is also covering exotic pets? Yes 11 11.2

No 87 88.8
Years working as a vet 0–10 26 26.5

11–20 14 14.3
21–30 34 34.7
≥30 24 24.5

Veterinary specialization National specialist  
or board certified

20 20.4

No or othera 78 79.6
Proportion of antimicrobial sales  
being injectors

≥10% 38 38.8

<10%
Yes
No, sometimes,  
or I do not know

60 61.2
Do you think that antimicrobial usage  
is too high in Swiss dairy herds?

37 37.8

61 62.2

aComplementary medicine, currently in education or other specializations (in other 
species for instance).
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subsequent choice tasks until the most preferred program design 
was identified. More detailed information on ACBC can be found 
in a technical paper of Sawtooth Software (28).

Data Collection
Questionnaires were being conducted in German and French. 
Translation from German to French was conducted by a profes-
sional translator with a background in agriculture. Farmers 
received a personalized email explaining the purpose of the study 
and an individualized link to the online questionnaire in January 
2015. Cattle veterinarians were contacted by email by the Swiss 
Society for Ruminant Health with a description of the project and 
a general link to the online questionnaire the same day. Reminder 
emails were sent after 3 and 5 weeks. To increase response rates, 
vouchers for an agricultural and a veterinary wholesale were 
provided to 110 randomly selected farmers and 50 veterinarians. 
Participants were also informed that they would receive a sum-
mary of the project’s results at the end of the study.

Statistical Analysis
Start Preference
Preference of farmers and veterinarians to start a new voluntary 
udder health and AMU improvement program and their associa-
tions with potential covariates were evaluated first. Farmers’ and 
veterinarians’ start preference was assessed by a single question 
with three possible outcomes (“The government, scientists, and 
the dairy industry would like to improve antimicrobial usage and 
udder health in Swiss dairy herds. A new voluntary program that 
would support farmers with this should be started. Would you be 
in favor of such a program?” Answers: “Yes”, “I do not know,” and 
“No”). Covariates potentially associated with the start preference 
of farmers (Table 1) were therefore investigated using multino-
mial logistic regression models. Assuming a constant herd size, 
the herd level incidence rate of farmer-reported treated clinical 
mastitis was calculated as the number of treated clinical mastitis 
cases divided by the herd size and was expressed per 100 cow-years 
at risk. After a univariable screening, covariates deemed relevant 
(P  <  0.25, based on the Type 3 test) were retained for further 
investigation. When covariate pairs had an absolute correlation 
>0.50, the biological more meaningful covariate was selected to 
avoid multicollinearity. Multivariable statistical modeling sub-
sequently consisted of a stepwise backward elimination process 
until all covariates were significantly (P < 0.05) associated with 
the preference of farmers to start a new udder health and AMU 
improvement program or considered a confounder. Confounding 
was assumed to occur when effect estimates changed >25% upon 
exclusion of a covariate from the model. Interaction terms were 
not evaluated.

A similar model approach was used to associate covariates with 
the preference of veterinarians to start a new udder health and AMU 
improvement program. However, a low number of observations  
in the “No” category (n = 9) resulted in quasicomplete separation 
for several covariates. The outcome categories “No” and “I do not 
know” were therefore merged and start preference was modeled 
as a binary outcome variable using binary logistic regression 
models.

a maximum of eight screening tasks, displaying four program 
alternatives each. These udder health and AMU improvement 
programs were then taken forward into the fourth and final part 
of the questionnaire to identify the overall best udder health and 
AMU improvement program. This part consisted of a traditional 
choice-based conjoint interview but with a restricted number 
of choice options to choose from since systematically avoided 
program levels in the screening section were excluded from this 
part of the questionnaire. Respondents had to choose one out of 
three presented program designs with a maximum of nine choice 
tasks (the exact number was conditional on respondents’ answers 
in previous sections of the ACBC interview). This facilitated 
discrimination of slightly different alternative program designs 
from the respondents’ most preferred program design (i.e., the 
one created in the first part of the ACBC interview). Preferred 
program design concepts in each choice task competed in  

98

http://www.frontiersin.org/Veterinary_Science
http://www.frontiersin.org
http://www.frontiersin.org/Veterinary_Science/archive


van den Borne et al. Animal Health Program Preferences

Frontiers in Veterinary Science  |  www.frontiersin.org June 2017  |  Volume 4  |  Article 82

Part-Worth Utility Estimation
In a conjoint analysis, and thus also in an ACBC analysis, 
preference of respondents is quantified by part-worth utilities. 
Individual-level part-worth utilities represent respondent’s 
relative preference for each level within an attribute. Part-worth 
utilities are zero-centered with higher values representing more 
preferred attribute levels (27). Individual and mean part-worth 
utility values were estimated using the Hierarchical Bayes estima-
tion procedure within Sawtooth Software (34). This estimation 
procedure borrows information from the entire population 
(prior) to determine how each respondent’s parameter estimate 
(posterior) differs from the upper-level population mean. It 
does this in an iterative manner, using a Monte Carlo Markov 
Chain procedure, to constantly update parameter estimates 
until convergence has achieved. A total of 40,000 iterations were 
computed, from which the first 20,000 were discarded, to obtain 
individual-level part-worth utility values.

The relative preference (RPi) of each attribute (Ai) for each 
respondent was subsequently derived according to:

	
RP Range 

Range 
i

i

ii

n

A
A

= ×
=∑ 1

100%,
	

where Range Ai represents the difference between the highest and 
lowest part-worth utility values of attribute i, with n being the 
number of attributes. The relative preference represents the pref-
erence each respondent has for this attribute. Preferred program-
levels result in larger part-worth utility values and therefore also 
in a higher relative preference. Sum of the relative preference of all 
attributes is 100% for each respondent. Mean relative preference 
values were calculated for each attribute to elicit their relevance 
in the farmer and veterinarian population.

Goodness-of-fit of the final hierarchical Bayes models was 
assessed by the percent certainty and the Root Likelihood. Both 
indicators reflect how well a model performs in comparison to 
a chance model alone and a perfect model. Percent certainty 
is 0% for a chance model and 100% for a perfect model. Root 
Likelihood is 0.33 for a chance model (1 divided by the number 
of program alternatives per choice task, which was 3 in this study) 
and 1.0 for a perfect model (34).

Program Design Preference
The preference of farmers and veterinarians for design charac-
teristics of a new udder health and AMU improvement program 
was investigated next. First, it was assessed whether farmers 
and veterinarians preferred certain design attributes more than 
others. The sum of relative preference of all attributes (eight for 
farmers and seven for veterinarians) for each respondent equals 
100%, implying that they would be equally preferred if the relative 
preference of each attribute would be 12.5 or 14.3% for farmers 
and veterinarians, respectively. Deviation from equal preference 
was determined using the Wilcoxon signed rank test. The most 
preferred attributes were defined as having a significant mean 
relative preference above the equal preference threshold value. 
Second, differences in mean standardized part-worth utilities of 
program attribute levels between farmers and veterinarians were 

assessed using the Wilcoxon rank sum test. A Bonferroni adjust-
ment was applied to correct for multiple comparisons.

Covariates associated with program design preferences were 
identified in three analytical steps. The first step was to identify a 
global (i.e., multivariate) association of covariates with the rela-
tive preference of the eight (seven for the veterinarians) program 
attributes simultaneously. The second step elicited the individual 
(i.e., univariate) program attributes responsible for rejection of 
the global null hypothesis. The third and last step was to inves-
tigate which levels within identified program attributes were 
associated with the covariates significant in the previous steps. 
Statistical modeling was performed separately for farmers and 
veterinarians.

Multivariate multiple regression models correct for correla-
tion between multiple outcome variables (one for each program 
attribute) and multiple comparisons, thereby reducing Type 1 
errors (35). Such multivariate linear regression models were used 
within the first step. Each potential covariate (Tables 1 and 2 plus 
respondents’ start preference) was tested one at a time against 
the relative preference of all program attributes simultaneously. 
The multivariate Wilks’ lambda F statistic was used to test the 
global hypothesis that all regression coefficients are zero across all 
program attributes for the evaluated covariate. Covariates deemed 
relevant (P < 0.25) were thereafter offered to a multivariate mul-
tiple regression in which a stepwise backward elimination process 
was conducted to identify all significant (P < 0.05) global associa-
tions between covariates and program attributes. Proportion of 
explained variance of the global model was derived as 1 − Wilks’ 
lambda, which is the multivariate counterpart of the univariate R2 
(35). In step 2, univariate associations of covariates with the eight 
(or seven) program attributes were identified for the global signifi-
cant covariates using the Type 3 test commonly used for univariate 
linear regression models. To correct for multiple comparisons, a 
Bonferroni adjustment was also made in this step. Proportions of 
explained variance of univariate models were reported by partial 
eta squared [η2

p (35)]. The first two steps revealed associations 
between covariates and program attributes. Associations between 
covariates and program levels of relevant program attributes were 
investigated in the third and final step. Mean part-worth utility 
values between covariate categories were compared using the 
Tukey–Kramer multiple comparison test for program levels of all 
univariate associations identified in the previous step.

Regression modeling to associate covariates with start and pro-
gram design preferences was performed using PROC LOGISTIC 
and PROC GLM in SAS 9.4 (Cary, NS, USA). Statistical signifi-
cance was set at P < 0.05, except when noted otherwise. To evaluate 
potential non-response bias, the number of reminders (0, 1, or 2)  
being sent before respondents filled in the questionnaire was 
evaluated separately in all models evaluating the start and design 
preference of farmers and veterinarians.

RESULTS

Demography
Of 1,300 farmers and 438 cattle veterinarians contacted initially, 
478 farmers (36.8%) and 98 veterinarians (22.4%) filled out their 
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Table 4 | Covariates in the final logistic regression model associated with the preference (yes vs I do not know and no) of veterinarians to start a new animal health 
improvement program.

Covariate Category Frequency Preference for starting a new program (%) OR 95% CI

Lower Upper

Covering other species: poultry Yes 23 47.8 0.3 0.1 0.9
No 75 66.7 Reference

Proportion of antimicrobial sales being injectors ≥10% 38 73.7 3.2 1.2 8.6
<10% 60 55.0 Reference

Table 3 | Covariates in the final multinomial logistic regression model associated with the preference (yes or I do not know vs no) of farmers to start a new udder health 
and antimicrobial usage (AMU) improvement program.

Covariate Category Preference for a new program: I do 
not know vs no

Preference for a program: yes vs no P-value type 3 test

OR 95% CI Wald P-value OR 95% CI Wald P-value

Lower Upper Lower Upper

Do you think that AMU is too high in Swiss 
dairy herds?

Yes 1.6 0.8 3.1 0.17 3.2 1.8 5.6 <0.0001 0.0005
I do not know 1.6 0.8 3.2 0.16 2.0 1.1 3.7 0.02
No Reference Reference
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respective questionnaires completely and were included in the 
statistical analysis. Seventy-three farmers were French speaking 
(Table 1) while only six veterinarians filled out the questionnaire 
in French (Table 2).

A description of farmers’ demography is presented in Table 1. 
Farmers’ median age was 49 (range: 26–81), and many (50.6%) 
did not know yet whether they had a successor or not. Most 
herds were located either in the lowland or mountainous regions 
of Switzerland. The distribution of housing systems (free-stall 
vs. tie-stall) was approximately equal. Dairy production was the 
main source of income for almost all farmers but many (82.0%) 
had additional agricultural production systems in place. Median 
farmers-reported incidence rate of clinical mastitis was 18.1 
(range: 0–137.5) cases per 100 cow-year at risk.

Variables describing veterinarians’ demography are presented 
in Table 2. Most veterinarians filling out the questionnaire were 
male and working in a practice that employed multiple veterinar-
ians. Respondents dedicated most of their time practicing dairy 
health but most veterinarians (96.9%) worked in practices that 
serviced other species too. Median years working as a ruminant 
veterinarian was 25 (range: 1–43).

Preference to Start
Farmers and veterinarians were offered the following question: 
“The government, scientists, and the dairy industry would like 
to improve antimicrobial usage and udder health in Swiss dairy 
herds. A new voluntary program that would support farmers with 
this should be started. Would you be in favor of such a program?.” 
Farmers (55.4%; 95% CI: 50.1–59.8%; n = 265) and veterinarians 
(62.2%; 95% CI: 52.4–71.2%; n  =  61) mostly agreed with this 
statement; 20.7% (farmers; 95% CI: 17.3–24.6%; n = 99) and 9.1% 
(veterinarians; 95% CI: 4.9–16.5%; n = 9) disagreed; and 23.8% 

(farmers; 95% CI: 20.2–27.9%; n = 114) and 28.6% (veterinarians; 
95% CI: 17.9–50.7%; n = 28) did not know. These proportions 
were significantly different (χ2 = 7.16; P = 0.03) between the two 
populations with veterinarians favoring the program more.

Table  3 reports the final multivariable multinomial logistic 
regression model for the preference of farmers to start a new vol-
untary udder health and AMU improvement program. Farmers 
who stated that AMU in Swiss dairy herds was too high or had no 
opinion on this had 3.2 and 2.0 times higher odds, respectively, 
for preferring to start a new national voluntary program than 
farmers that stated that AMU was not too high. Other covariates 
were not statistically associated with the preference to start a new 
voluntary udder health and AMU improvement program.

Covariates associated with veterinarians’ preference to start 
a new voluntary udder health and AMU improvement program 
in the final multivariable logistic regression model are presented 
in Table  4. Ruminant veterinarians belonging to practices that 
also serviced poultry farms had a lower preference to start a new 
voluntary program than veterinarians belonging to practices not 
servicing poultry farms. Veterinarians who stated that ≥10% of 
their antimicrobial sales were attributed to the sales of intramam-
mary antimicrobials had 3.2 times higher odds to prefer starting 
a new voluntary program compared to veterinarians that had 
<10% of their antimicrobial sales attributable to intramammary 
antimicrobials.

Model Fit of ACBC
Percent certainties of the final hierarchical Bayes models estimating  
program design preferences of farmers and veterinarians were 
46.0 and 49.5%, respectively. Root likelihood of the farmer model 
was 0.63 and 0.65 for the veterinarian model.
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Figure 1 | Boxplots displaying relative preference of 478 farmers for attributes of a new Swiss animal health improvement program. The dashed line at 12.5% 
represents an equal preference.
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Relative Preference of Program  
Attributes and Part-Worth Utilities
Relative preference of program attributes would have been 12.5% 
if farmers preferred them equally (the “equal preference value”). 
Farmers therefore preferred the program attributes “Bonus” 
(22.2%; 95% CI: 21.6–22.8), “Herd” (14.9%; 95% CI: 14.4–15.4), 
and “Aim” (14.6%; 95% CI: 14.1–15.1) more than the other five 
attributes (Figure 1). These three attributes had a relative pref-
erence above the equal preference value. Variation in farmers’ 
relative preference for attributes was large though. Within the 
three most preferred attributes, farmers assigned the highest part-
worth utility values to levels representing a new program that did 
not contain a penalty system for high AMU, was voluntary for all 
dairy herds, and aimed to simultaneously improve udder health 
and reduce AMU (Table 5).

Veterinarians’ equal preference value of program attributes was 
14.3%. Veterinarians preferred the program attributes “Decision” 
(19.8%; 95% CI: 18.7–20.9), “Bonus” (18.9%; 95% CI: 17.6–20.2), 
and “Aim” (16.1%; 95% CI: 15.1–17.1) more than the other four 
attributes (Figure 2). Like farmers’ program design preference, 
variation in veterinarians’ preference for program attributes was 
large (Figure 2). Veterinarians assigned the highest part-worth 
utility values to levels representing a new program that had the 
veterinary organization and the government taking the lead in 
the program design decision-making process, did not include 
a penalty system for high AMU, and aimed to improve udder 
health and reduce AMU simultaneously (Table 5).

Except for program characteristics related to the aims and 
tasks of the new program, farmers and veterinarians valued 
most program attribute levels differently (Table 5). Ranking of 
levels within some attributes also differed between farmers and 

veterinarians. This included the attribute “Decision,” which was 
the most preferred program attribute for veterinarians. Ranking 
of levels did not differ within the other three most preferred 
program attributes (i.e., “Aim,” “Bonus,” and “Herd”).

Respondent Characteristics and 
Differences in Program Design 
Preferences
The final multivariate multiple regression model investigating 
farmers’ relative preference of program attributes is presented 
in Table 6. Farmers’ opinion on AMU in Swiss dairy herds was 
the only covariate globally associated with the relative prefer-
ence of program attributes (P = 0.007). Further investigation of 
the univariate associations identified that farmers’ opinion on 
AMU was associated with the attributes “Bonus,” “Decision” and 
“Payment” (Table 6). Proportions of explained variance were low, 
being 0.08 for the multivariate model and a maximum of 0.04 for 
the univariate models.

Subsequently associating farmers’ opinion on AMU with the 
program levels of each identified univariate program attribute 
revealed some significant relationships (Table 7). Farmers who 
had the opinion that AMU was too high in Switzerland were 
still not favoring the introduction of a penalty system for high 
AMU but their oppositions were less strong than those from 
farmers disagreeing with the statement that AMU was too high. 
Moreover, farmers agreeing with the statement that AMU was 
too high were slightly more in favor of the farmer organiza-
tion, rather than the breeding organizations, to take the lead 
in decision making when designing a potential new program. 
Still, both groups of farmers favored the dairy industry for this. 
Finally, farmers who had the opinion that AMU was too high 
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Table 5 | Program attributes and levels evaluated in the adaptive choice-based analysis and comparison of standardized part-worth utilities for farmers and 
veterinarians in Switzerland.

Attribute Description and levels Farmers Veterinarians P-value

Mean SD Mean SD

Aim Which aims should the program have?
Improve udder health status and reduce AMU 50.9 28.0 54.7 26.0 0.18
Reduce AMU while keeping udder health status constant 26.7 26.5 20.6 20.7 0.03
Improve udder health status, no AMU improvement −32.0 34.6 −42.0 30.9 0.004
Reduce AMU, no udder health improvement −45.5 25.3 −33.3 23.1 <0.0001

Bonus Should the program additionally include a bonus/malus system for AMU?
No 69.6 54.0 52.3 42.4 0.0005
Bonus low AMU 61.0 36.3 43.2 32.6 <0.0001
Bonus low AMU and penalty high AMU −54.2 36.2 −39.9 29.5 <0.0001
Penalty high AMU −76.5 31.7 −55.5 21.7 <0.0001

Decision Who should have the lead in decision making when designing the program?
Dairy industry 23.4 26.2 2.0 42.0 <0.0001
Breeding organizations 4.1 26.6 −29.0 22.5 <0.0001
Farmers organization 0.3 24.3 −59.3 30.2 <0.0001
Veterinary organization −1.1 28.9 34.3 39.8 <0.0001
University −13.2 21.2 22.9 36.0 <0.0001
Government −13.5 27.2 29.0 38.0 <0.0001

Execute Who should execute the program?
Dairy industry 11.9 24.8 −9.9 21.9 <0.0001
Independent center of expertise 1.1 22.3 36.9 24.7 <0.0001
Breeding organizations 0.8 25.3 -32.8 20.0 <0.0001
Veterinary organization −3.8 26.0 2.7 35.8 0.09
Government −10.0 21.1 3.2 21.0 <0.0001

Herd Which herds should the program target?
Voluntary for all herds 46.8 45.5 12.9 39.6 <0.0001
Compulsory for problem herds, voluntary for other herds −2.1 40.4 9.6 31.7 0.001
Compulsory for all herds −44.7 35.2 −22.5 40.2 <0.0001

Payment Who should pay for the program?
Government 21.5 29.3 5.9 27.9 <0.0001
All three 11.7 23.7 23.1 18.1 <0.0001
Government + dairy industry 3.6 16.4 3.5 15.9 0.85
Government + breeding organizations −4.9 14.0 −4.3 16.0 0.78
Dairy industry −6.9 28.0 7.9 21.1 <0.0001
Dairy industry + breeding organizations −8.2 17.8 −5.0 18.8 0.08
Breeding organizations −16.8 22.0 −31.1 19.3 <0.0001

Task What should be the main task for the program?
Offering consulting for individual farmers 22.0 21.7 19.9 21.2 0.57
Develop new knowledge 9.9 17.9 8.8 17.7 0.93
Further education 5.0 20.1 8.3 18.5 0.14
Honoring well-performing herds −16.3 29.6 −12.9 18.7 0.02
Mass communication −20.6 27.3 −24.1 22.9 0.19

Contribute Mastitis in Switzerland costs on average CHF198 per cow per year. How much are you willing to contribute to the costs of the 
program (CHF per cow per year)?a

CHF 0 31.7 44.3
CHF 1 4.3 25.7
CHF 2 −36.0 35.5

Statistically significant values (after Bonferroni adjustment; P < 0.0015) are presented in bold.
AMU, antimicrobial usage.
aThis program attribute was only offered to farmers.
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in Switzerland opposed the option that breeding organizations 
should pay for the program stronger than those that did not 
share this opinion.

The final multivariate multiple regression model for veterinar-
ians’ design preferences identified one borderline significant asso-
ciation (P = 0.05; 1 − Wilks’ lambda = 0.13) between the covariate 

describing whether veterinary practices were also servicing pig 
herds and veterinarians’ relative preference of program attributes. 
However, further investigation of the univariate associations did 
not reveal any significant relationship when applying a Bonferroni 
adjustment (data not shown). Associations of this covariate with 
program attribute levels were therefore not further scrutinized.
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Figure 2 | Boxplots displaying relative preference of 98 veterinarians for attributes of a new Swiss animal health improvement program. The dashed line at 14.3% 
represents an equal preference.

Table 6 | Model output of the final multivariate multiple regression model 
investigating farmers’ program design preferences.

F P 1 − Wilks’ lambda η2
p

Global model: AMU opiniona 2.68 0.007 0.08
Univariate models
Attribute: aim 2.95 0.05 0.01
Attribute: bonus 8.91 0.0002 0.04
Attribute: contribute 1.42 0.24 0.01
Attribute: decision 5.24 0.006 0.02
Attribute: execute 4.50 0.01 0.02
Attribute: herd 0.94 0.39 0.00
Attribute: payment 7.01 0.001 0.03
Attribute: task 1.20 0.30 0.01

Significance in the univariate models was set at P < 0.006 to correct for multiple 
comparisons.
aDo you think that antimicrobial usage is too high in Swiss dairy herds?

Table 7 | Mean (and SE) standardized part-worth utilities of program attributes 
and levels for groups of farmers with a different antimicrobial usage (AMU) 
opinion.

Attribute Level Do you think that AMU is too high 
in Swiss dairy herds?

Yes I do not 
know

No

Bonus No 51.5 (4.3)a 73.2 (4.6)b 82.7 (3.7)b

Bonus low AMU 62.1 (3.1) 66.0 (3.0) 57.0 (2.5)
Bonus low AMU and 
penalty high AMU

−45.0 (3.0)a −56.8 (3.1)b −60.3 (2.5)b

Penalty high AMU −68.7 (2.7)a −82.4 (2.7)b −79.4 (2.1)b

Decision Dairy industry 25.0 (2.2) 22.1 (2.3) 22.8 (1.8)
Farmers organization 3.4 (2.0)a −4.2 (1.9)b 0.5 (1.7)ab

Breeding organizations 0.6 (2.2)a 3.6 (2.6)ab 7.5 (1.7)b

Veterinary organization −0.8 (2.4) −1.0 (2.7) −1.5 (1.9)
Government −13.8 (2.3) −9.0 (2.6) −16.0 (1.7)
University −14.3 (1.7) −11.4 (2.0) −13.4 (1.4)

Payment Government 20.0 (2.6) 24.2 (2.7) 21.0 (1.9)
All three 14.7 (2.0) 11.6 (2.0) 9.1 (1.6)
Government + dairy 
industry

4.5 (1.4) 3.9 (1.5) 2.7 (1.1)

Government + breeding 
organizations

−5.3 (1.1) −5.2 (1.3) −4.3 (0.9)

Dairy industry −6.0 (2.3) −8.8 (2.5) −6.6 (2.0)
Dairy industry + breeding 
organizations

−8.0 (1.6) −9.1 (1.6) −7.7 (1.1)

Breeding organizations −19.9 (1.8)a −16.6 (2.0)ab −14.2 (1.5)b

Mean part-worth utilities within a row with various superscripts differ significantly.
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Non-response Bias
Farmers’ preference to start a new udder health and AMU 
improvement program was 64.3% for respondents not receiv-
ing an email reminder (early respondents) and significantly 
(P  =  0.04) decreased to 49.4% for farmers receiving two 
reminding emails (late respondents). Such an association was 
not identified for the veterinarian dataset (P = 0.55). The num-
ber of reminders being sent was not globally associated with 
farmers’ (P = 0.33) or veterinarians’ (P = 0.96) program design 
preferences either.

DISCUSSION

This study identified that more than half of the respondents 
favored starting a new voluntary national udder health and AMU 
improvement program. Approximately every fourth respondent  

was undecided and 10 (veterinarians) to 20% (farmers) disap-
proved of this idea. There does seem to be support from the field 
to initiate a new voluntary udder health and AMU improvement 
program when the current Swiss strategy to improve AMU and 
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antimicrobial will be extended to dairy herds. It is unclear, however,  
whether these proportions are high enough to warrant an actual 
start of a new program. Its acceptance is likely to improve if it 
is accompanied with a communication campaign promoting its 
potential benefits (36). Moreover, the new national udder health 
and intramammary AMU improvement program referred to a 
voluntary program in which farmers would be supported with 
their activities improving udder health and AMU. Respondents 
may have been less positive if the program would have involved 
compulsorily activities or a more restrictive legislation. Also, 
only 37% of farmers answered the questionnaire, and some 
indication for non-response bias was found when evaluating 
farmers’ start preference but not for their program design pref-
erences. The response rate was in agreement with other studies 
(25, 37), and demographics of farmers agreed with two previous 
studies investigating the same target population (25, 38) with 
one exception. The median farmer-reported incidence rate of 
clinical mastitis was higher than observed previously (11). The 
latter may have been a result of farmers becoming more sensi-
tive to the topic of udder health and AMU because of a higher 
awareness in the farming community and society in general. 
They, therefore, may diagnose CM more often. Controlling 
bodies may have become stricter also, resulting in a potential 
higher reporting rate.

Response rate of veterinarians was lower at 22%, but years of 
experience and proportion of male respondents were in agree-
ment with a previous survey conducted among Swiss cattle 
veterinarians (26). Moreover, the range in years of experience 
working as a dairy cattle veterinarian indicated that there was 
no age bias and that also older generations were reached by the 
online questionnaire. Indications for non-response bias were 
not identified in the veterinarian dataset either. It is therefore 
believed that the responding veterinarians represented their 
target population well.

Preferences of farmers and veterinarians for program design 
characteristics agreed moderately. Both stakeholder groups 
preferred a program that aimed to improve udder health and 
AMU simultaneously and did not include a penalty system for 
high AMU. These aims are in line with the strategy of the Federal 
Food Safety and Veterinary Office to intervene on farmers and 
veterinarians with a high antimicrobial consumption. Moreover, 
such achievements can potentially be made through the qual-
ity payment system existing in Switzerland. Farmers generally 
receive a bonus for their milk price when their bulk milk somatic 
cell count is below 100,000 cells/ml. There are no such thresholds 
on AMU currently. Incorporating such a threshold (after setting 
up a national database to register AMU on herd level) as an extra 
criterion for farmers to receive a financial bonus is expected to 
result in an improvement on AMU. Previous research has shown 
that farmers are more sensitive to penalties than to bonuses, as 
investigated for bulk milk somatic cell counts in the Netherlands 
(39). A penalty system might therefore be more effective in 
improving udder health and AMU. Nonetheless, stricter criteria 
for farmers to receive a bonus are also expected to result in an 
AMU improvement because it would take away the financial 
incentive to use antimicrobials to achieve a better milk price. 
Moreover, they are expected to be perceived less negative than 

receiving a penalty for high AMU (40) but this was not evaluated 
in the current study.

Besides a change in the milk quality payment scheme or 
another change in legislation, there are also other means to 
improve both udder health and AMU. This is evident by examples 
from national mastitis control programs successfully conducted 
elsewhere (16–19). Unfortunately, improving udder health on a 
voluntary basis has been proven difficult for Swiss dairy herds 
as identified in a recently conducted multiarm randomized 
field trial (24). The intervention in which farmers formed peer 
study group meetings to study mastitis-related topics was able 
to reduce AMU though while keeping the herds’ udder health 
status constant (24). A more realistic aim of a potential new 
national udder health and AMU improvement program would 
therefore be to reduce AMU while keeping the country’s udder 
health status constant. This was only the second preferred aim of 
both farmers and veterinarians but such achievements are feasible 
(24, 41). AMU and udder health are highly correlated (9, 10, 14), 
and any efforts to control mastitis by enhancing prevention and 
non-antimicrobial intervention strategies are therefore assumed 
to result in a decrease in AMU. Reducing AMU in dairy herds and 
improving its udder health status should therefore not be seen 
separately and be targeted simultaneously in a national control 
program. The program should then, however, only be evaluated 
on its improvement in AMU and not on its udder health improve-
ment other than keeping it constant.

Farmers and veterinarians differed in their preferences con-
cerning other program design characteristics. Farmers preferred 
a program that is voluntary. That agreed with the preference of 
veterinarians but this stakeholder group deemed this attribute to 
be of less importance. Veterinarians, on the other hand, preferred 
a program that had the veterinary organization and the govern-
ment taking the lead in the program design decision-making 
process whereas the farmers preferred the dairy industry to 
have the lead. However, farmers generally gave a lower relative 
preference value to this attribute, implying that this attribute was 
less important to them. It is therefore believed that they would 
not mutually exclude each other. A voluntary program with the 
veterinary organization and the government having the lead in 
the decision-making process would still satisfy the preferences of 
both stakeholder groups. Other preference differences between 
both stakeholder groups were also identified. But those con-
cerned again program attributes and levels that were preferred 
less. Not much opposition from these two stakeholder groups is 
therefore expected if these aspects are not fully met during the 
decision-making process. Moreover, incorporating these aspects 
in the communication of the final program design is expected to 
take away some of the opposition.

Farmers’ mindset toward AMU, as assessed by one single 
question, was the only covariate associated with farmers’ prefer-
ence for starting a new udder health and AMU improvement 
program and for their preferred program design characteristics. 
None of the demographic variables explained any of the varia-
tion in start and program design preferences of farmers. Also, 
explained variation of the final multivariate multiple regression 
model was low. It can thus be hypothesized that farmers’ start 
and program design preferences for a new udder health and 
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AMU improvement program may be more explained by their 
mindset toward udder health, AMU, or national disease control 
programs in general than by their demographic characteristics. 
Further research is needed to scrutinize this underlying socio-
psychological construct. Nonetheless, some differences in start 
and program design characteristics between groups of farmers 
with various mindsets toward AMU were identified. Farmers 
had a stronger preference to start a new voluntary udder health 
and AMU reduction program when stating that AMU was too 
high in Swiss dairy herds or when they had no opinion on this. 
Those farmers, an approximate 60% of the population, therefore 
not only acknowledged the problem of high AMU (or were indif-
ferent) but also supported national strategies to improve it. This 
included a less strong, but still existing, opposition toward the 
introduction of a penalty system for high AMU. Current debates 
in society and other strategies facilitating the recognition of high 
AMU could further contribute to a less strong opposition of 
stricter milk quality payment legislation. There were also some 
subtle, but significant, differences in preferences for sectoral 
organizations that should have a lead in decision making and 
that should pay for the new udder health and AMU improvement 
program between groups of farmers with various mindsets of 
toward AMU. The identification of such associations adds to the 
communication to the field after decision makers have discussed 
program alternatives.

For veterinarians, on the other hand, differences in their pref-
erence to start a new udder health and AMU improvement pro-
gram according to their demographics were identified. First, the 
observation that veterinarians, who are earning ≥10% from their 
antimicrobial sales from intramammary antimicrobials, are more 
motivated to start a new udder health and AMU improvement 
program than veterinarians earning less sounds contradictory 
at first. An improved on-farm udder health and AMU, resulting 
from implementing preventive mastitis management measures as 
advised by a new program, are expected to result in a decreased, 
rather than an increased, sales of intramammary antimicrobials 
at the veterinary practice level. However, herd health manage-
ment is not commonly applied by Swiss cattle veterinarians, 
and practices selling more intramammary antimicrobials are 
therefore assumed to have such high sales because they attempt 
to improve udder health in their dairy herds by treating more 
(e.g., subclinical) mastitis cases to lower the infectious pressure 
within the herd (42, 43). Increased AMU levels in Swiss dairy 
herds trying to improve udder health have been observed before 
(24). Considering the second covariate, there are only very few 
veterinarians servicing poultry farms in Switzerland given the 
small but highly organized nature of this production system. The 
proportion of veterinarians working at practices also servicing 
poultry farms (23%) therefore should be interpreted as the pro-
portion of veterinarians working at practices servicing backyard 
flocks rather than specialized poultry farms. Such veterinarians 
may thus be less specialized in cattle health, resulting in a lower 
motivation to start a new national udder health and AMU 
improvement program. However, interpretation of both covari-
ates identified in the final logistic regression models remains 
speculation, and no causal conclusions can be drawn either from 
this study given its cross-sectional study design. Interpretation 

should therefore be cautious. No global associations between 
covariates and veterinarians’ program design characteristics were 
identified, which is probably a result of the smaller sample size of 
this dataset (35).

Adaptive choice-based conjoint analysis was used to elicit 
respondents’ preferences for design characteristics of a new 
udder health and AMU improvement program. ACBC is a novel 
quantitative methodology in the field of veterinary medicine 
and animal science. The novel aspect lies in the adaptive nature 
of the interview in comparison to a standard choice-based 
conjoint interview (27). Respondents participating in an ACBC 
interview first select program characteristics that they consider 
most important. This consideration set is then brought forward 
in the remaining part of the interview in which they are jointly 
evaluated with alternative program designs (28). In a standard 
(non-adaptive) choice-based conjoint interview, a fixed number 
of program alternatives are offered to respondents including pro-
gram attributes that may not be relevant to them (27). Results of a 
choice-based conjoint interview subsequently may not reflect the 
information that is relevant for the respondent’s situation when 
evaluating program design alternatives because the latter may not 
be close to the respondents’ ideal (28). Because ACBC interviews 
are more personalized than choice-based conjoint interviews, it 
makes them more engaging for respondents (28).

This study was limited by its cross-sectional design. Prefer
ences of farmers and veterinarians were assessed once but may 
change over time resulting from discussions in society and actions 
implemented by governmental bodies, industry, and others. 
Moreover, this study assessed stakeholders’ preferences for start-
ing a new udder health and AMU improvement program and its 
design. Stakeholders’ preferences of potential interventions, e.g., 
the creation of peer study group meetings, financial support for 
culling mastitic cows, more affordable diagnostics, etc., were not 
scrutinized. Further research is thus needed to investigate stake-
holders’ preferences for the actual implementation of a program. 
Moreover, it was not the aim of this study to identify the perceived 
monetary and non-monetary benefits or disadvantages of a new 
udder health and AMU improvement program. Preferred design 
characteristics of the new udder health and AMU improvement 
program may thus differ from the most beneficial or practical 
design. Nonetheless, the results of this study facilitate discussions 
among decision makers. It should be noted also that this study 
investigated the start and design preferences of stakeholders in 
the Swiss context (e.g., concerning legislation and the sectoral 
organization of the dairy industry). Results may therefore be dif-
ficult to apply in other countries or regions, except when having 
a similar dairy industry. This study serves as an example on how 
to assess stakeholders’ preferences for new national animal health 
control programs.

In conclusion, most farmers and veterinarians enrolled in this 
survey preferred starting a new voluntary udder health and AMU 
improvement program in Switzerland. Particularly, they preferred a 
new program that aims to improve udder health and AMU simulta-
neously, does not contain a penalty system for high AMU, is volun-
tary for all dairy herds, and have the veterinary organization and the 
government taking the lead in the program design decision-making 
progress. Differences between groups of farmers and veterinarians 
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concerning their start and program design preferences were also 
identified. The results of this study were not communicated with 
decision makers, yet they may support the decision-making process 
and to its communication afterward, when designing a new udder 
health and AMU improvement program for Switzerland.
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