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A. CONTEXT AND NEEDS 

1. Vector-borne diseases, a major concern 

The incidence of emerging infectious diseases has increased during recent 
decades due to changing socio-economic, environmental, and ecological factors 
(Jones et al. 2008). This is especially true for vector-borne diseases (VBDs), which 
represent almost 29% of emerging infectious diseases(Jones et al. 2008). The 
introduction and spread into Europe in the 1990s of Aedes albopictus, an efficient 
vector for at least 22 arboviruses (Gratz 2004), of bluetongue virus (specifically 
BTV-8) in 2006 (Zientara and Sánchez-Vizcaíno 2013), and Schmallenberg virus in 
2011 (Doceul et al. 2013) are good examples of the problem posed by VBDs. The 
specific emergence of VBDs is probably due in part to climate anomalies that 
occurred during the 1990s (Jones et al. 2008), as has been shown for BTV in 
Europe (Guis et al. 2012; Purse et al. 2005). Indeed, as explained by Massad and 
colleagues (Massad et al. 2011), “increased spread of insect-borne diseases is 
likely in a warmer world”. In the context of global warming, emerging VBDs are 
thus a growing concern, all the more so because of their huge economic and social 
impact (Marsh et al. 2008). To address this challenge, Lindgren and colleagues 
(Lindgren et al. 2012) argue in favor of developing novel approaches for risk 
assessment and surveillance in order to enhance preparedness and to facilitate 
public-health decision making.  

2. Equine industry, risk and specificities 

 Population at risk 2.1.

Horses typically travel frequently over short and long distances around the 
world for competition, training, and/or reproduction. These movements increase 
the risk of the dissemination of infectious diseases (Robin et al. 2011). This is a 
concern not just for the equine industry but also for public health. Indeed, 
numerous equine viruses are zoonotic (e.g., eastern and western equine 
encephalomyelitis viruses, Venezuelan equine encephalitis virus, West Nile virus) 
and the risk that these viruses will be introduced to and spread within the EU is 
not negligible (Durand et al. 2013). This risk is, in fact, currently increasing, as 
shown by the example of West Nile virus which has already become endemic in 
some regions (Calistri et al. 2010). However, controlling diseases spread by 
equines is not only important from a sanitary point of view but also with regard to 
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the important economic weight of the equine industry, particularly in Europe 
(Liljenstolpe 2009). As an example, in 2010, the European equine industry 
encompassed 3.7 million horses, generated 100 billion euros a year, and provided 
the equivalent of 400,000 full-time jobs (Leadon and Herholzt 2009). 
Furthermore, the sector is growing, with an increase in the number of horse riders 
of 5% per annum. The introduction of exotic infectious disease may thus have 
huge economic consequences, as was seen with the 13-week outbreak of African 
horse sickness in Portugal in 1990, whose total cost was estimated around US $2 
million (Portas et al. 1999). 

 Population not well tracked 2.2.

Despite the sanitary and economic impacts of equine diseases, effective 
health regulations and biosecurity systems to ensure safe equine movements are 
not always in place at the national and international level (Leadon and Herholzt 
2009; Murray et al. 2013). This was illustrated by the outbreak of equine influenza 
in Australia in 2007. Here, the authorities failed to contain the infection in 
quarantine following the importation of one or more infected horses (Webster 
2011). The horse population is also not well-tracked, which complicates the 
control and surveillance of diseases. In the EU, the implementation of mandatory 
passports for horses in 2008 has improved the tracking of horses. However, the 
database that contains the information on animal movements and deaths is not 
regularly updated. This has two consequences. Firstly, the exact number of horses 
and their geographical location is unknown, which is an obstacle for disease 
surveillance and control. Secondly, the exact number of horses transported 
between EU member states or within a country is still not available. Indeed, 
although the EU’s Trade Control and Expert System (TRACES) (Commission 
Decision 2003) provides information on the number of horses imported to and 
within the EU, several movements are not recorded in the database due to the 
absence of mandatory transport notification.  

The difficulties of implementing proper health regulations and tracking 
systems can be explained by the complex reality of the world of horses. The 
equine industry includes a myriad of activities (e.g., tourism, equestrian sports, 
breeding and slaughtering of horses) and the various stakeholders engaged in 
each activity do so with different expectations, ranging from professional to 
leisure (Castejón-Montijano and Rodríguez-Fernández 2011).  
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Considering the potential health and financial risks posed by horses, it is 
especially important to develop novel approaches for the surveillance of exotic 
infectious diseases, such as VBDs. However, this also constitutes an additional 
challenge given the structure of the equine industry.  

3. Early warning  

A key point in controlling emerging or reemerging VBDs is early warning. 
Indeed, dealing with a disease outbreak in its early stages is easier and more 
economical than once it has become widespread and affect many animals (FAO-
OIE-WHO Collaboration 2013; FAO-OIE-WHO Collaboration 2006). Early warning 
systems are timely surveillance systems aimed at assessing the risk that an 
outbreak is spreading to new areas in order to trigger prompt public health 
interventions (FAO-OIE-WHO Collaboration 2006). Different strategies such as 
active and/or passive surveillance are used to ensure the timeliness of detection.  

 Active surveillance 3.1.

Active surveillance refers to the active role of health authorities in data 
collection. The advantage is that active sampling may detect a disease without the 
observation of clinical signs. However, one of the major drawbacks is that, to 
detect rare diseases like a newly introduced exotic disease, active sampling has to 
be very large and repeated several times, which can be very costly (Doherr and 
Audigé 2001). To mitigate costs, it is possible to implement a specific type of 
active surveillance, known as risk-based surveillance. Risk-based surveillance is 
defined by Stärk and colleagues (Stärk et al. 2006) as the allocation of surveillance 
activities based on the probability of events with or without consideration of the 
consequences of the event, the management of the event, or the process of 
communication of the event. The term “targeted surveillance” is also used 
(Doherr and Audigé 2001; de Koeijer et al. 2002; Salman 2003). The simple idea 
behind the concept is to collect samples from the segments of the population that 
have the highest probabilities of being infected, thus increasing the probability of 
disease detection(Salman 2003). In this way, this process decreases the required 
sample size without reducing the probability of detecting the disease. Risk-based 
surveillance is based on the concept of looking for something where it is most 
likely to be found; this approach thus requires reliable and thorough prior 
information on at-risk populations in order to ensure the appropriate 
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representativeness of the sampling (FAO 2014; Oidtmann et al. 2013; Stärk et al. 
2006). 

 Passive surveillance 3.2.

In many countries, passive surveillance is one of the most common forms of 
surveillance for rare and exotic diseases. The term refers to any passive disease 
reporting systems in which veterinarians, farmers, or any other stakeholders 
notify authorities when they have sick animals. These surveillance systems are 
used to identify numerous diseases since they have several significant advantages: 
they cover a large part of the animal population and the costs associated with 
data collection and analysis are relatively low (Doherr and Audigé 2001; FAO 
2014; Salman 2003). However, the performance of passive surveillance systems 
suffers from frequent under-reporting due to the lack of stakeholder awareness 
regarding a disease of interest. This may result in a failure to identify the disease 
(Hadorn et al. 2008) especially when it manifests in few or unspecific clinical signs 
(Doherr and Audigé 2001). In addition, potential fears of the disease’s 
consequences may also incite stakeholders to not report suspected cases (FAO 
2014; Salman 2003). Under-reporting is especially problematic regarding the 
surveillance of exotic diseases unspecific symptoms and/or symptoms close to 
another more common disease. Indeed, exotic diseases have a low probability of 
occurrence, their symptoms are usually not well known by practitioners, and the 
consequences of reporting an exotic disease in a new area may be dramatic.  

 Early warning in horse population 3.3.

For the early detection of exotic VBDs in horses, both active and passive 
approaches could theoretically be implemented. However, as previously 
highlighted, one of the major drawbacks of the active approach is that it can be 
very costly, especially when a disease is rare like exotic VBDs (Doherr and Audigé 
2001). Risk-based active sampling could be implemented, but the equine industry 
suffers from a lack of accurate data regarding the populations at risk (e.g., details 
of animal movements, population size and location) which might complicate the 
planning and the implementation of such an active surveillance system. The 
efficiency of the classical passive surveillance approach in the early detection of 
an outbreak may also be limited due to the high risk of under-reporting, especially 
for exotic diseases. Instead of relying on classical active or passive surveillance to 
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detect new outbreaks, then, new approaches for estimating the probability of 
outbreak occurrence are needed to improve the early detection of VBDs in horses. 
Different approaches can be considered in estimating this probability such as 
classical risk assessment and syndromic surveillance.  

4. Risk assessments 

Risk assessments are the component of risk analysis that estimates the risks 
associated with a hazard (OIE 2010). Applied to exotic diseases, they are well-
known tools for describing the probability of pathogen entry and spread within an 
area. The probability of entry is defined as the probability that a pathogen enters 
in a given area, considering all potential pathways of introduction and without 
considering the later steps of transmission (OIE 2014). The probability of “spread” 
is a vaguer concept and can include different sub-definitions, as presented by de 
Vos and colleagues (de Vos et al. 2011): (1) the probability of transmission, which 
is defined as the probability that the pathogen is able to spread to susceptible 
hosts in the area at risk, (2) the probability of establishment, which is the 
probability that the pathogen is able to spread to susceptible hosts and to 
susceptible vectors given the conditions of introduction, and (3) the probability of 
spread, which is the probability that the pathogen is able to spread in time and 
space, considering both local and long-distance dispersal.  Regarding the specific 
issue of early detection, the probability of spread is irrelevant, as it is related more 
to the assessment of a disease’s impact when early surveillance has already failed 
to detect and control an outbreak. Conversely, the probabilities of transmission 
and establishment are especially interesting for early detection as they indicate 
the time period and the most suitable area for early spread of a pathogen. In 
particular, the probability of establishment, which takes into account the place 
and time of entry, is an interesting parameter with which to evaluate the 
likelihood of an infection actually leading to local spread. 

The above approach gives a risk of outbreak occurrence based on risk factors 
such as the suitability of an environment and climate for disease transmission, or 
the presence of risky practices (e.g., importation of animals from infected area). It 
can be used by decision makers for risk mitigation and/or to enhance stake-
holders’ awareness of rare or emerging diseases through risk maps, as has already 
been proposed for some endemic VBDs (e.g., surveillance of West Nile virus in 
California (Brown 2012) (http://www.westnile.ca.gov/) or tick-borne diseases in 
Europe (Beugnet et al. 2009)  (http://www.fleatickrisk.com/FR/Pages/ 
Home.aspx)).  
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5. Syndromic surveillance 

To enhance traditional passive surveillance systems, methods based on the 
analysis of pre-diagnostic and unspecific routinely collected data were developed 
at the beginning of the 21st century. Such approaches, referred to as syndromic 
surveillance, aim to identify the early, often weak, signal of an outbreak in the 
absence of an accurate identification of the disease by medical practitioners or 
laboratories. There is no single and commonly accepted definition for syndromic 
surveillance but it is commonly accepted that it focuses on data collected prior to 
clinical diagnosis or laboratory confirmation (Katz et al. 2011; Shmueli and 
Burkom 2010). First developed in human medicine, it is now also widely used in 
veterinary medicine (Dórea et al. 2011); indeed, a recent review by Dupuy and 
colleagues (Dupuy et al. 2013a) identified at least 27 syndromic surveillance 
systems or initiatives in 12 European countries. However, regarding horses, few 
syndromic surveillance initiatives are in place and only two have been explicitly 
identified: one in UK with Equine quarterly surveillance reports (DEFRA/AHS/BEVA 
2015) and another another in The Netherlands with the GD monitor system 
(Rockx et al. 2006). 

Syndromic surveillance provides a risk of outbreak occurrence based on the 
abnormal evolution of a health-related indicator. Such approaches can be used to 
rapidly detect a well-known disease or new pathogen without a priori 
consideration and they thus promise to strengthen surveillance of VBDs in horses. 
However, because they rely on health-related indicators, syndromic surveillance 
usually has a low specificity (variations in the indicator might be due to disease or 
to another event) and it is not able to take into account other epidemiological 
information available for a disease, such as environmental risk factors. 

 

B. RESEARCH QUESTION 

In the present work we explore various sources of information that shed light 
on the probability of occurrence of a newly introduced epidemic, focusing on 
exotic VBDs in horses. This is approached from various ends: is there a risk of 
entry? is there a risk of establishment? and is there a change in the number or 
type of clinical signs reported, or other health-related indicator, that may signal 
such an epidemic? 

The risk assessment for pathogen entry and establishment gives a risk profile 
of outbreak occurrence based on risk factors. However, an outbreak may also 



 

9 

 

occur (with low probability) in a lower risk area instead of a higher risk area. The 
value of risk assessment for early detection is therefore more as supporting 
evidence than as formal evidence of an outbreak.  

Similarly, syndromic surveillance gives a risk of outbreak occurrence based on 
the abnormal evolution of a health indicator. However, an outbreak may also 
occur without modification of such indicators. Even when significant modification 
is detected, the signal is often very unspecific and might occasionally be due to 
random fluctuation or to the effects of another outbreak or similar event. Again, 
then, the value of syndromic surveillance for early detection is more as evidence 
signal further specific testing than as formal evidence of an outbreak. 

Risk assessments and syndromic surveillance can both suggest the possibility 
of a newly introduced epidemic, but they do not prove the presence of the 
disease. Using these approaches in concert, however, can increase the amount of 
evidence available and can be a way to improve confidence in predictions of 
newly introduced epidemics. In doing so, the interaction between risk 
assessments and syndromic surveillance must be considered carefully as these 
techniques are not fully independent. Indeed, for example, increased awareness 
via risk assessments might change the value of syndromic surveillance, because 
awareness will lead to increased reporting of data and thus to more numerous 
false alarms. 

All these risk indicators are highly variable over time and space due to the 
unique nature of VBDs, which have a strong spatiotemporal pattern that is 
influenced by climatic and environmental factors (Altizer et al. 2006,Gage et al. 
2008,Reisen 2010). Variability can also arise as a result of other non-biological 
fluctuations related to features of international trade, animal production, and so 
on. Spatial and temporal analyses must thus be performed in order to provide 
accurate data on the probability of occurrence of a newly introduced VBD. 

To address the challenges of establishing early warning systems for VBDs in 
horses, the present work explores spatiotemporal risk assessments and syndromic 
surveillance, alone and in concert. In particular, we describe the limits and 
advantages of both methods in order to arrive at a new and more valuable 
approach for early warning systems.  
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C. CASES STUDIES 

As case studies, we mainly focus on three emerging vector-borne diseases 
found in French horses: African horse sickness, equine encephalosis, and West 
Nile fever.  

1. French equine industry  

1.1. Equine population 

In France there are between 900,000 and 1,000,000 horses, which are mainly 
used for sport and leisure. The horse population, as estimated by IFCE-SIRE, is 
more concentrated in Basse-Normandie (10% of the population) (IFCE - les Haras 
nationaux 2011) (see Figure 1). However, the exact number of horses and their 
geographical locations are unknown. 

 
Figure 1: Estimated geographical distribution of horses population (ICFE-SIRE) 

1.2. Organization of the equine industry 

The equine industry in France is an important sector: it represents 4.3% of the 
full-time-job-equivalent in the agricultural sector and produces around 12 billion 
euros of revenue per year, mainly generated by horse-race betting operations 
(Lebrun 2010). Furthermore, France is the world’s fourth-largest exporter of 
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horses and its equine industry is growing, with an increase in both the number of 
breeders and the size of the breeding population since the last decade (IFCE - les 
Haras nationaux 2011). Nonetheless, the French equine industry is fragmented, 
with different organizations in charge of the various sub-industries: racing, sport 
and leisure, breeding, and butchery. All of these sub-industries are further 
subdivided into several sectors, each with its own specific regulations and 
organizations as presented in Table 1.  

 
Table 1: Main players in the French equine industry 

Horse 
racing 
industry 

- ‘France galop’: Grants authorization to train and ride horses for gallop 
racing; updates racing regulations and stud book organization 

- ‘Cheval français’: Grants authorization to train and ride horses for harness 
racing; updates racing regulations and stud book organization 

- ‘Fédération nationale des courses françaises’: Responsible for 
harmonization of racing regulations 

- 10 regional federations 

Sport 
and 
leisure 
industry 

- ‘Fédération interprofessionnelle du cheval de sport, loisir travail’: Cross-
sector organization; promotes horse-related activities 

- ‘Fédération nationale de cheval’: Breeders’ association 
- ‘Association syndicale des étalonniers particuliers’: Stallion raisers’ 

association 
- ‘Chambre syndicale du commerce des chevaux de France’: Professional 

traders’ association 
- ‘Groupement hippique nationale’: Riding centers’ association 
- ‘Syndicat National des Exploitants d’établissements Professionnels 

Enseignant l’équitation’: Riding centers’ association 
- ‘Société hippique francaise’: Coordinates genetic selection; riders’ 

association  
- ‘Fédération française d’équitation’: Issues required licenses and 

complementary certificates; develops regulations for competitions 
- ‘Acteurs et cavaliers de sauts d’obstacles en France’: Riders’ association 
- ‘Haras nationaux’: Confirms the origins of horses; promotes horse industry 

development 

Butchery 
industry 

- ‘Interbev equin’: Promotes horse meat, develops marketing and production 
rules 

- ‘France trait’: Union of nine French associations of draft horses; coordinates 
genetic selection 

Breeding 
industry 

- Different breed-specific stud books: coordinate horse selection and genetic 
improvement; promote purebred horses 



 

12 

 

The ‘Institut français du cheval et de l’équitation’ (IFCE) is a central institute 
which manages the SIRE database (‘système d’identification des équidés’) which 
collects all the data available on French microchipped equids. 

 

1.3. Disease surveillance in French horses 

The French surveillance system for equine diseases is mainly passive. The 
diseases for which mandatory reporting to the French ministry is in place are 
reported in Table 2. In addition to this classical passive reporting system, the 
French network for the surveillance of equine diseases, or ‘RESPE’ 
(http://www.respe.net/), collects declarations from veterinary practitioners 
registered as sentinels throughout France. RESPE, which was established in 1999, 
also issues alerts on equine diseases, such as information on diseases detected in 
French horses or in neighboring countries. More than 500 sentinel veterinarians 
are involved and cover 92 out of 96 French regions (see Figure 2). 

 
Table 2: Mandatory notifiable diseases to the French ministry. Category 1 = diseases of 
serious concern for public health and/or for the industry and that require preventive and 
control measures for the general interest, Category 2 = other diseases that also require 
preventive and control measures for the collective interest. 

Category 1 

Horse specific: equine infectious anemia, African horse sickness, western 
and eastern equine encephalitis, Venezuelan equine encephalitis  

Non-horse specific: rabies, botulism, brucellosis, anthrax, Aujeszky’s 
disease, tuberculosis, Japanese encephalitis, West Nile virus, vesicular 
stomatitis virus 

Category 2 Equine viral arteritis, contagious equine metritis, glanders, trichinosis 

 
The veterinarians fill out a standardized questionnaire online and send 

standardized samples for laboratory diagnosis. Active testing of horses is 
performed by private partners prior to sale and by public partners prior to export 
for three diseases: equine viral arteritis, equine infectious anemia, and contagious 
equine metritis. Active surveillance is also performed by private and public 
partners on breeding stock for certain breeds and on all stallions used for semen 
collection. No further active surveillance system exists for the surveillance of 
equine diseases in France. 
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Figure 2: Geographic distribution of the French sentinel veterinarians involved in 
RESPE. 

 

2. Diseases of interest 

 African horse sickness  2.1.

Like the Bluetongue and Schmallenberg viruses, African horse sickness (AHS) is 
a Culicoides-borne disease, and it has recently been highlighted as a potential 
threat for Europe (Zimmerli et al. 2010)(MacLachlan and Guthrie 2010). The 
disease is caused by a virus belonging to the Orbivirus genus of the Reoviridae 
family (Mellor and Hamblin 2004). There are nine different serotypes that confer 
some degree of cross-protective immunity (Mellor and Hamblin 2004). The virus is 
considered endemic in sub-Saharan countries, with rare outbreaks in North Africa 
and western Asia (MacLachlan and Guthrie 2010). The last AHS outbreak in 
Europe occurred between 1987 and 1990 in the Iberian Peninsula and resulted 
from the importation of infected zebras (Rodriguez et al. 1992a).  

AHS is a non-zoonotic disease that affects all extant Equidae, although 
morbidity and mortality vary among species: as many as 90% of infected horses 
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die within one week, while infection is largely subclinical in zebras (Mellor and 
Hamblin 2004; Wilson et al. 2009). It is considered to be one of the most 
devastating diseases that affect equids. Four forms of the disease exist: horse 
sickness fever (moderate fever and no mortality), cardiac form (subcutaneous 
edema, particularly of the head, neck, chest, and supraorbital fossae, mortality 
50%), mixed form (combination of the cardiac and pulmonary forms, mortality 
70%) and pulmonary form (sudden death, severe dyspnea, mortality 95%) (Mellor 
and Hamblin 2004). The incubation time is from 3 to 15 days (Theiler 1910).  

 Equine encephalosis 2.2.

Equine encephalosis (EE) is caused by a virus of the Orbivirus genus of the 
Reoviridae family, and encompasses seven different serotypes (Dhama et al. 2014; 
Viljoen and Huismans 1989). Similarly to AHS, EE has been recently highlighted as 
a potential threat for Europe (MacLachlan and Guthrie 2010; Zimmerli et al. 
2010). Indeed, AHS and EE viruses are similar in many aspects: both are non-
zoonotic Culicoides-borne members of genus Orbivirus that share the same 
vectors (Venter et al. 2002; Venter et al. 2000) and more or less the same 
geographical distribution. Like AHS, EE is also considered to be endemic in sub-
Saharan countries, with rare outbreaks in North Africa and western Asia 
(Mildenberg et al. 2009; Wescott et al. 2013). The last major outbreak was 
reported in Israel in 2009 and is now endemic in Israle (Mildenberg et al. 2009). EE 
has never been observed in Europe (Dhama et al. 2014). 

The epidemiology of EE is similar to AHS but the pathogenicities of the two 
viruses are different. The incubation time of EE is shorter (2-6 days (Theiler 1910)) 
and its transmission rate is higher (Lord et al. 2002). Moreover, despite the fact 
that EE was initially described as a “fever in horses simulating horse-sickness” 
(Theiler 1910), the symptoms of the two diseases are different. In particular, the 
mortality rate of EE is always low. In contrast to AHS, which causes severe cardiac 
and pulmonary symptoms, EE is characterized by a wide range of symptoms, such 
as abortions during the first 5-6 months of gestation, respiratory signs (e.g., nasal 
discharge, cough), and encephalitis (Dhama et al. 2014).  

 West Nile virus 2.3.

West Nile virus (WNV) is a mosquito-borne arbovirus belonging to the genus 
Flavivirus (family Flaviviridae) and mainly transmitted by mosquitoes from the 
genus Culex (family Culicidae). Two distinct lineages exist: lineage 1 causes 
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outbreaks throughout the world, while lineage 2 was limited to Africa until 2008, 
when it was introduced to Europe. Since the discovery of WNV in 1937 in Uganda 
(Smithburn et al. 1940), the geographic distribution of the virus has expanded and 
the disease is now considered endemic in Africa, Asia, Europe, Australia, the 
Caribbean, and the Americas (Campbell et al. 2002; Ozdenerol et al. 2013). In 
Europe, WNV emerged in the 1960s and several outbreaks have subsequently 
been documented in many European countries (Calistri et al. 2010). Even if the 
virus is now endemic in large parts of Europe, the number of reported outbreaks 
is presently increasing in Southern and Eastern Europe (e.g., Italy, Greece, 
Bulgaria, Croatia, Serbia, Albania)(Di Sabatino et al. 2014). This increase in the 
number of outbreaks, combined with the recent introduction and spread of 
lineage 2 in Europe (which has been associated with severe cases in humans, 
horses, and birds (Bakonyi et al. 2006; Calzolari et al. 2013; Hernández-Triana et 
al. 2014)), contribute to the growing concern about WNV in Europe. 

The enzootic cycle of WNV is driven by its continuous transmission 
betweensusceptible bird species through adult mosquitoes. Its main hosts are 
birds, but the virus also affects more than 30 non-avian species. The 
susceptibilities of birds to WNV infection differ, with those in the order 
Passeriformes being most susceptible, followed by birds in the order 
Charadriiformes and domestic geese (order Anseriformes). Psittacine and 
gallinaceous birds are less susceptible. WNV in birds is usually asymptomatic, but 
may cause nonspecific clinical signs, neurological signs, and death (Pérez-Ramírez 
et al. 2014; Steele et al. 2000). Of non-avian species, the most affected are 
humans and horses (Kramer and Bernard 2001; Van der Meulen et al. 2005). In 
horses the clinical signs of WNV are almost exclusively neurological and reflect its 
pathology in the central nervous system (Cantile et al. 2000; Castillo-Olivares and 
Wood 2004). In humans two presentations of the disease are reported: 
uncomplicated WN fever (headache and myalgia, often accompanied by 
gastrointestinal symptoms) and WN meningoencephalitis (typical meningitis or 
encephalitis) (Campbell et al. 2002; Colpitts et al. 2012).  
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D. OUTLINES OF THE WORK 

Chapter 1 presents the context of this work and the associated research question.  

Chapter 2 presents spatiotemporal risk analyses that was performed to assess the 
probabilities of AHS entry and establishment in France. Two routes of viral entry 
were considered together and two methods were used to assess the probability 
of viral establishment.  

Chapter 3 evaluates the feasibility of adapting the model developed in Chapter 2 
to other VBDs in horses. For that purpose, we focused on equine encephalosis 
(EE), as this disease is similar to AHS and we adapted the model to the probability 
of EE introduction to The Netherlands.  

Chapter 4 compares the probabilities of AHS and EE entry to France. The most 
efficient protective measures for each disease were also investigated. 

Chapter 5 presents an application of a classical method used in syndromic 
surveillance and explores the impact of pre-processing methods on surveillance 
system performance. Nervous symptoms collected in French horses are used as 
an early signal of West Nile Fever (WNF). 

Chapter 6 gives an application of Bayes’ rules to syndromic surveillance with the 
goal of generating a quantitative output from syndromic surveillance and 
combining this with other epidemiological information. Two cases are presented: 
one focusing on nervous symptoms in horses used for the early detection of WNV 
in France, another focusing on respiratory symptoms in French horses to 
strengthen the detection of equine influenza. 

Chapter 7 presents the combination of different syndromic surveillance systems 
using a Bayesian approach to improve the surveillance of WNV in France. 

Chapter 8 concludes with a discussion of the reliability and transparency of these 
complex surveillance systems and their usefulness in supporting decision-making. 

 

 

 



 

17 

 

CHAPTER II 
A SPATIOTEMPORAL MODEL TO ASSESS THE 

INTRODUCTION RISK OF  
AFRICAN HORSE SICKNESS 

 

  

AUTHORS: C. Faverjon1, A. Leblond2, P. Hendrikx3, T. Balenghien4, C. J. de Vos5, 
E.A.J. Fischer5, A.A. de Koeijer5 

 

(1) INRA UR346 Animal Epidemiology, Vetagrosup, F-69280 Marcy l’Etoile, 
France ;  

(2) INRA UR346 Animal Epidemiology et Département Hippique, VetAgroSup, F-
69280, Marcy L’Etoile– France;  

(3) ANSES, Direction scientifique des laboratoires – unité Survepi, 94700 Maisons-
Alfort, France ;  

(4) CIRAD, UMR CMAEE, F-34398 Montpellier, France ; INRA, UMR1309 CMAEE, 
F-34398 Montpellier, France;  

(5) Central Veterinary Institute, part of Wageningen UR, PO Box 65, 8200 AB 
Lelystad, The Netherlands 

 

Published in BMC Vet Research (2015) 11:127 DOI 10.1186/s12917-015-0435-4 

 



 

18 

 

ABSTRACT  

Background: African horse sickness (AHS) is a major, Culicoides-borne viral 
disease in equines whose introduction into Europe could have dramatic 
consequences. The disease is considered to be endemic in sub-Saharan Africa. 
Recent introductions of other Culicoides-borne viruses (bluetongue and 
Schmallenberg) into northern Europe have highlighted the risk that AHS may 
arrive in Europe as well. The aim of our study was to provide a spatiotemporal 
quantitative risk model of AHS introduction into France. The study focused on two 
pathways of introduction: the arrival of an infectious host (PW-host) and the 
arrival of an infectious Culicoides midge via the livestock trade (PW-vector). The 
risk of introduction was calculated by determining the probability of an infectious 
animal or vector entering the country and the probability of the virus then 
becoming established: i.e., the virus’s arrival in France resulting in at least one 
local equine host being infected by one local vector. This risk was assessed using 
data from three consecutive years (2010 to 2012) for 22 regions in France. 

Results: The results of the model indicate that the annual risk of AHS being 
introduced to France is very low but that major spatiotemporal differences exist. 
For both introduction pathways, risk is higher from July to October and peaks in 
July. In general, regions with warmer climates are more at risk, as are colder 
regions with larger equine populations; however, regional variation in animal 
importation patterns (number and species) also play a major role in determining 
risk. Despite the low probability that AHSV is present in the EU, intra-EU trade of 
equines contributes most to the risk of AHSV introduction to France because it 
involves a large number of horse movements. 

Conclusion: It is important to address spatiotemporal differences when 
assessing the risk of AHS introduction and thus also when implementing efficient 
surveillance efforts. The methods and results of this study may help develop 
surveillance techniques and other risk reduction measures that will prevent the 
introduction of AHS or minimize AHS’ potential impact once introduced, both in 
France and the rest of Europe.  
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A. INTRODUCTION 

African Horse Sickness (AHS) is a highly fatal viral vector-borne disease that is 
transmitted among equine hosts by Culicoides midges (Diptera: 
Ceratoponidae)[1][2]. It affects all extant Equidae, but morbidity and mortality 
vary among species: as many as 90% of infected horses die within one week, while 
infection is largely subclinical in zebras [3][4]. AHS virus (AHSV) is an orbivirus, and 
there are nine different ASHV serotypes that confer some degree of cross-
protective immunity [4]. AHS is considered to be endemic in sub-Saharan Africa, 
where the zebra acts as a reservoir [5].  Rare outbreaks have occurred in North 
Africa, western Asia, and the Iberian Peninsula, where they have persisted for only 
a few years [6]. The last outbreak in Europe occurred in the Iberian Peninsula, 
between 1987 and 1990, and caused the death of more than 1,350 horses, either 
directly or as a result of control measures [7]. 

The recent introduction into northern Europe of bluetongue virus (specifically 
BTV-8, in 2006 [8]) and Schmallenberg virus (in 2011 [9]), both transmitted by 
Culicoides midges, highlights the relevance of assessing the risk that AHSV will be 
introduced to Europe [10]. It is particularly crucial to conduct a risk assessment 
analysis for France, as the country encompasses different ecosystems, including 
Mediterranean zones, where Culicoides imicola—considered to be the major 
vector of AHSV worldwide—is very abundant, and non-Mediterranean temperate 
zones, where Culicoides obsoletus—a potential AHSV vector—is dominant 
[11][1][12]. Moreover, France contains between 900,000 and 1 million equines, is 
the world’s 4th largest exporter of horses, and has a horse industry that produces 
around 12 billion euros of revenue per year [13]. If AHS arrived in France, it could 
have devastating consequences, similar to those predicted for other EU members 
such as the United Kingdom (UK) [14], Ireland [15], and the Netherlands [16]. 

Introduction risks have recently been quantitatively assessed for similar 
vector-borne diseases, such as BTV[17][18][19], West Nile Virus[20][21] and 
eastern and western equine encephalomyelitis [22], Venezuelan equine 
encephalitis[22], and Japanese encephalitis[22]. However, these studies mostly 
took into account only one pathway of introduction; different introduction 
pathways have rarely been examined in tandem. To explore AHSV in particular, a 
qualitative risk assessment analysis that accounted for multiple pathways of 
introduction was conducted in the UK [23]; the results suggested that the most 
likely pathway of introduction would be the arrival of an infectious host. This 
pathway of introduction was also examined by a quantitative risk assessment 
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analysis of the likelihood that AHSV would be introduced to the Netherlands[24]. 
As AHSV is closely related to BTV and shares the same vectors, information on BTV 
introduction pathways could be helpful when assessing the risk that AHSV will be 
introduced to Europe. Several studies have indicated that long-distance, wind-
mediated transport of Culicoides might have played a role in the introduction and 
spread of several BTV strains in Europe [25][26][27]. In particular, studies aimed at 
understanding the introduction of BTV-8 have indicated that the legal importation 
of an infectious host is unlikely to have caused the epidemic observed in 2006 
[28][29]. It is thought that the risk presented by other pathways of introduction, 
such as the introduction of a single Culicoides midge through intracontinental 
transport and trade networks [19], is low. Integrative studies are required to 
quantify and combine information on different pathways of introduction to better 
understand and confront the risks posed by vector-borne diseases [30].  

In this study, we performed a quantitative risk assessment analysis of the 
introduction of AHSV to France. We focused on two pathways of introduction: the 
arrival of an infectious host and the arrival of an infectious Culicoides midge via 
the livestock trade. Introduction is defined here as the probability that an 
infectious host or vector will be released in such a way that at least one local host 
ends up infected by one local vector (establishment). The subsequent spread of 
the disease is not examined. As the initial infection of a local host will depend on 
spatial (e.g., the number of local hosts) and temporal factors (e.g., seasonal vector 
abundance), the probability of establishment will vary depending on location and 
time period. The objective of this study was to quantify the risk of introduction 
associated with a given time period and region for the two pathways of 
introduction under consideration, which could thus offer insight into temporal 
and regional variation in introduction risk. Furthermore, evaluating these two 
pathways of introduction could help optimize risk-mitigating control and 
surveillance measures. 

 

B. METHOD 

1. Risk associated with introduction pathways and initial assumptions 

To quantify the risk of AHSV introduction associated with the two introduction 
pathways, risk assessment analysis was conducted using the framework 
developed by de Vos et al. [31]. Although other potential pathways of 
introduction exist [23], we restricted ourselves to the two most probable: the 
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arrival of an infectious equine and the arrival of an infectious Culicoides midge. 
Only the legal, registered horse trade was taken into account because no data 
exist on the illegal horse trade. In the analysis, only the introduction of an adult 
vector was considered since transovarial transmission of the virus has not been 
observed in Culicoides [15][11][1]. Culicoides midges are hematophagous and 
tend to stay close to their mammalian hosts (mainly large mammals [32][33]). 
They are rarely found in vehicles of transport (such as aircraft or trucks) or 
merchandise when insect surveys are conducted [21][34]. It is also uncommon to 
find Culicoides associated with plants or plant material [29]. As a result, only 
Culicoides entering the country via the livestock trade were included in the 
analysis. Hence, the two main pathways of AHSV introduction examined in this 
study were: the legal importation of infectious equines (PW-host) and the arrival 
of infectious Culicoides as a consequence of livestock trade (PW-vector). 

An introduction pathway was constructed to detail all the steps required for 
AHSV to be successfully released and become established in France. This 
introduction pathway was evaluated using a stochastic risk simulation model. 
Monthly introduction probabilities were calculated using data from three 
consecutive years (2010 to 2012) for each area of arrival within France. A total of 
22 such areas were defined. 

2. Sources of risk 

First, the world’s countries were grouped into three categories as per De Vos 
et al. [24]: (1) high-risk regions where the disease is considered to be endemic; (2) 
low-risk regions that have experienced AHS outbreaks in the past and/or where 
the main vector, C. imicola, is present; and (3) very-low-risk regions (all other 
countries). Since the main vector is not present in very-low-risk regions, we 
assumed that it is very unlikely that they would produce exports containing 
infectious vectors; consequently, very-low-risk regions were ignored for this 
pathway of introduction. In addition, because EU regulations differ for imports 
arriving from EU versus non-EU countries [36], we also distinguished between (a) 
EU members and (b) non-EU members. Five departure regions were thus defined 
(Figure 4). Imports from non-EU countries were placed in one of two categories 
based on their point of arrival in Europe: whether they were shipped directly to 
France or whether they arrived via another EU country, because animals stopping 
in another country were considered to experience longer traveling times. 
Furthermore, equine imports were grouped acco rding to species: (1) horses; (2) 
donkeys, mules, and hinnies; and (3) zebras. 
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Figure 3: Introduction pathways. Steps required for the successful releqse and 
establishment of AHSV resulting in at least one local host infected by one local vector. 
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Figure 4: Countries of the world classified regarding AHS occurrence and import 
regulations 

3. The Model  

 PW-host: introduction via an infectious host 3.1.

The probability of AHSV being introduced by species i from region j to area k in 
month m via an infectious host (PW-host), (𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖), was defined as the 
probability of at least one infectious host of species i from region j arriving in area 
k in month m and of this arrival being followed by virus transmission to a local 
vector and host. This overall probability was defined as: 

𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = 1 − [1 − 𝑃𝑃(𝑖𝑖𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) × 𝑃𝑃(𝑟𝑟𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)]𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖   (1) 

where 𝑃𝑃(𝑖𝑖𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of an infectious equine of species i from 
region j being released in area k in month m; 𝑃𝑃(𝑟𝑟𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of an 
infection becoming established in month m given the release of one infectious 
equine of species i from region j in region k; and eqijkm is the number of equines of 
species i imported from region j arriving in area k in month m.    

Release probabilities, 𝑃𝑃(𝑖𝑖𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖), were species specific since virus prevalence is 
different in different equines across the areas of origin, and different species 
show differences in their susceptibility to the disease. For instance, the release 
probability of horses is lower because horses have a shorter viremic period than 
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do donkeys and zebras. 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) also depended on the moment z of 
infection; the protective measures implemented before embarkation [36][37]; 
and the duration of transport from region j to area k (tjk). For imports coming from 
non-EU countries, tjk was assumed to equal 1 day for animals coming directly to 
France (mainly air travel) and 2 days for animals arriving via another EU country 
(initial air travel followed by land transport or subsequent air travel). For intra-EU 
trade, tjk was assumed to be between 1-2 days (uniform distribution) because air 
and land transport are supposed to be used with equal frequency and France is 
assumed to be a maximum of 2 days away from everywhere else in EU [38].  

 

𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) was defined as :  

𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = ∑ [(length period z)×P(relHijkmz)]w
z=1

∑ (length period z)w
z=1

    (2) 

where 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of release for an equine i infected 
during z. For a given region j, there were a total of w different time periods z 
during which an equine could become infected, depending on the importation 
procedures implemented for region j (e.g., before quarantine or during 
quarantine but before the first serological test, etc.).  

If j was a high-risk region, then 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) was defined as: 

𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = 𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) × 𝑃𝑃(𝑣𝑣𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) × (1 − 𝑃𝑃(𝐶𝐶𝐶𝐶1𝑖𝑖𝑖𝑖)) × (1 −
𝑃𝑃(𝐶𝐶𝐶𝐶2𝑖𝑖𝑖𝑖)) × (1 − 𝑃𝑃(𝑐𝑐𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)) × (1 − 𝑃𝑃(𝑡𝑡𝑟𝑟𝑡𝑡𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖))                             (2.bis) 

where 𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of equine i being infected during time 
period z; 𝑃𝑃(𝑣𝑣𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of equine i infected during z becoming 
viremic after transport; (1 − 𝑃𝑃(𝐶𝐶𝐶𝐶1𝑖𝑖𝑖𝑖)) and (1 − 𝑃𝑃(𝐶𝐶𝐶𝐶2𝑖𝑖𝑖𝑖)) are the probabilities 
of equine i infected during z not being detected by the first and second serological 
tests, respectively; (1 − 𝑃𝑃(𝑐𝑐𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)) is the probability of equine i infected during 
z not being detected by the clinical exam; and (1 − 𝑃𝑃(𝑡𝑡𝑟𝑟𝑡𝑡𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)) is the 
probability of equine i infected during z not being detected during transport. 

 

The probability of establishment via PW-host was defined as:  

𝑃𝑃(𝑟𝑟𝑡𝑡𝑡𝑡𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = 1 − [1 − 𝜆𝜆𝐻𝐻𝐻𝐻 × 𝑃𝑃(𝑡𝑡𝑠𝑠𝑟𝑟𝑣𝑣𝑖𝑖𝑖𝑖) × 𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑘𝑘 × 𝜆𝜆𝐻𝐻𝐻𝐻]𝑐𝑐𝑒𝑒𝑐𝑐𝑖𝑖𝑘𝑘𝑘𝑘  (3) 

where λHV and λVH are, respectively, the probabilities of a vector feeding on an 
infectious host becoming infected and of a host bitten by an infectious vector 



 

25 

 

becoming infected; 𝑃𝑃(𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑘𝑘𝑘𝑘) is the probability of an infected Culicoides midge 
surviving until its first infectious blood meal; culikm is the number of vectors 
feeding on an infectious imported host; and  𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑘𝑘 is the probability of a 
Culicoides midge biting an equine in area k. 𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑘𝑘  depends on the vector’s 
preference for equines as hosts and on the cattle-to-equine ratio in area k.  

The overall national and annual median probabilities were calculated based on 
the monthly regional values. The monthly national median probability of 
introduction was thus defined as: 

𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑘𝑘) = 1 − ∏ (1 − 𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑘𝑘𝑘𝑘))22
𝑘𝑘=1     (4) 

and the annual national median probability of introduction was defined as: 

𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖) = 1 − ∏ (1 − 𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖𝑘𝑘))12
𝑘𝑘=1    (5) 

The same formulas were used to define the probabilities of release and 
establishment at the national and annual levels. Using these formulas, the 
extreme values of these probabilities were determined by using the estimated the 
5th and 95th percentiles for each region and month. For a more detailed 
description of the probabilities and parameters used, see Additional Files 1 and 2.  

 PW-vector: introduction via an infectious vector 3.2.

Few data were found on the number of Culicoides midges transported with 
livestock (equines and cattle) over the distances of interest here; as a 
consequence, we assumed that the numbers could not be very high without 
having spurred notice and thus calculated the risk of release assuming that one 
Culicoides was transported with each animal. We defined the probability of 
establishment as the probability that this single vector was able to cause the 
infection of at least one local equine host by one local vector. 𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘) was 
thus defined as: 

𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘) = 1 − [1 − 𝑃𝑃(𝑠𝑠𝑟𝑟𝑟𝑟𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘) × 𝑃𝑃(𝑟𝑟𝑠𝑠𝑖𝑖𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘)]njkm   (6) 

where 𝑃𝑃(𝑠𝑠𝑟𝑟𝑟𝑟𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘) is the probability of a single infected Culicoides from region 
j being released in region k in month m; 𝑃𝑃(𝑟𝑟𝑠𝑠𝑖𝑖𝑉𝑉𝑖𝑖𝑘𝑘𝑘𝑘) is the probability of 
establishment; and njkm is the number of livestock (equines and bovines) 
transported from region j to area k during month m.  



 

26 

 

The probability of release was defined as: 

 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑉𝑉𝑗𝑗𝑗𝑗𝑗𝑗) = 𝑃𝑃(𝑖𝑖𝑛𝑛𝑛𝑛 _𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖𝑗𝑗𝑗𝑗 ) × 𝑃𝑃 (𝑡𝑡𝑟𝑟𝑡𝑡𝑛𝑛𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑗𝑗𝑗𝑗) × 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑗𝑗𝑗𝑗𝑗𝑗) (7) 

where 𝑃𝑃(𝑖𝑖𝑛𝑛𝑛𝑛 _𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖𝑗𝑗𝑗𝑗 ) is the probability of a vector in region j becoming 

infected in month m; 𝑃𝑃 (𝑡𝑡𝑟𝑟𝑡𝑡𝑛𝑛𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑗𝑗𝑗𝑗) is the probability of a vector being 

transported post infection; and 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑗𝑗𝑗𝑗𝑗𝑗) is the probability of a Culicoides 

surviving transport from region j to region k. 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑗𝑗𝑗𝑗𝑗𝑗) was calculated 
assuming that transport conditions do not affect Culicoides viability (worst case 
scenario because the survival of insects is supposed to be optimal during 
transport). If pest control is implemented in region j, we reduced survival 
probabilities depending on the efficiency of the pest control product (Protvect) 
used. This was only the case for equines coming from high-risk regions [36]. Since 
bovines are not consistently and systematically disinfected before transport, we 
assumed that no pest control was implemented for them.  

 

The probability of establishment via an infectied vector was defined as: 

𝑃𝑃(𝑟𝑟𝑡𝑡𝑡𝑡𝑉𝑉𝑗𝑗𝑗𝑗𝑗𝑗) = 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐𝑎𝑎𝑡𝑡𝑐𝑐𝑗𝑗𝑗𝑗𝑗𝑗) × 𝑏𝑏𝑒𝑒𝑒𝑒𝑐𝑐𝑐𝑐𝑗𝑗 × 𝜆𝜆𝑉𝑉𝑉𝑉 × [1 − [1 − 𝜆𝜆𝑉𝑉𝑉𝑉 ×
𝑃𝑃(𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑗𝑗𝑗𝑗) × 𝑏𝑏𝑒𝑒𝑒𝑒𝑐𝑐𝑐𝑐𝑗𝑗 × 𝜆𝜆𝑉𝑉𝑉𝑉]𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑗𝑗𝑗𝑗]                                       (8) 

where 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑟𝑟𝑣𝑣𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐𝑎𝑎𝑡𝑡𝑐𝑐𝑗𝑗𝑗𝑗𝑗𝑗) is the probability of an infected vector surviving to 
its first infectious blood meal following its arrival in area k.  

The overall national and annual median probabilities were calculated using the 
same procedures used to calculate the PW-host probabilities. For a more detailed 
description of the probabilities and parameters used, see Additional Files 2 and 3. 

4. Input data  

Because accurate registration data for horses were lacking, the ratio of 
bovines to equines per area k (ρk ) was estimated by combining information from 
different databases. The 2010 census conducted by the French Ministry of 
Agriculture [39] was the source for cattle and equine abundances (horses kept in 
agricultural settings) for each area and the IFCE-SIRE database [40] provided 
additional estimates of equine abundance in each area. Because it became 
mandatory to identify all equines in France in 2012, this database is considered to 
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include all of the country’s equines; however, dead horses are still present in the 
database and, as a result, the number of equines is overestimated. Two ratios 
were calculated—one using each of the values of equine abundance—and ρk was 
estimated in our model as a uniform distribution that ranged from the smallest to 
the largest ratio calculated. 

The number of bovines and equines transported to France were obtained 
from TRACES, the TRAde Control and Expert System, which monitors the transport 
of animals and products of animal origin both into and within the EU [41]. In our 
analysis, we only included animals whose final destination was France.  

Vector abundance was estimated using data from the national surveillance 
system implemented in France from 2009 to 2012—approximately 160 locations 
were surveyed to follow the activity of Culicoides populations [42]. The number of 
competent vectors feeding on a given equine in area k during month m (Ckm) was 
modeled using a truncated normal distribution; μ was the average monthly 
number of Culicoides collected per overnight trap (Culicoides imicola and 
members of the Obsoletus complex), σ was the standard deviation, and the 
minimum and maximum values observed were the lower and upper bounds of the 
distribution, respectively. Similar parameters were used in modeling efforts by de 
Koeijer et al. [43]. The average monthly temperature during month m in area k 
(Tkm) was modeled using a truncated normal distribution; μ was the average 
temperature of each month for each year (based on daily average temperatures 
obtained from MARS-Agri4cast), and σ was the standard deviation, and the 1st and 
99th percentile values were the lower and upper bounds of the distribution, 
respectively. 

Analyses were performed for the three consecutive years included in the 
study: 2010, 2011, and 2012.  

5. Calculations 

Model calculations were performed in Microsoft Office Excel 2010 and @Risk 
6.1 [44]; 10,000 iterations were run. The sensitivity analysis tool in @Risk was 
used to evaluate the impact of stochasticity and uncertainty in the input 
parameters on model results. The correlation between the values of the input 
parameters and the pathway-specific probabilities of introduction were calculated 
(Spearman’s rank correlation coefficients). 

The sensitivity of the model to the values of the input parameters should have 
been very similar across all regions and months because we used the same model 
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and input parameter estimates, except in the case of the bovine-to-equine ratio, 
the temperature data, and vector abundance. Indeed, the values of these three 
parameters varied across regions and months (i.e., in a given month, the vector 
abundance could vary greatly in one region and little in another). Larger amounts 
of variation could have a greater impact on the model than lesser amounts of 
variation. The reasoning is the same for the bovine-to-equine ratio, which also 
varied across regions. When determining the overall probability of introduction, 
we thus chose to focus our sensitivity analysis on the region-time period 
combinations associated with the highest levels of risk and/or uncertainty. 

 

C. RESULTS 

1. Data on equine and bovine imports 

TRACES data for 2010-2012 show that, on average, 1,300 equines arrived 
every year in France from non-EU countries, including about forty donkeys (and 
no zebras). Most of these animals (close to 80%) passed through another EU 
country before arriving in France. Imports from high-risk regions represented an 
average of 1.6% of the total imports; imports from low- and very-low-risk regions 
occurred at similar levels: 45.6% and 52.4%, respectively. By law, bovines cannot 
be imported from non-EU countries.  The trading of registered horses within the 
EU is not required to be reported to TRACES [36]. However, it is nonetheless 
regularly disclosed: in the TRACES database, more than 40% of the equines 
traveling from other EU countries to France were registered horses. It is important 
to note that, in most of the data on the equine trade within the EU, no distinction 
is made between horses and donkeys. As a consequence, the TRACES database is 
somewhat limited in its ability to reveal equine movements within the EU. These 
concerns aside, according to the database, an average of 9,350 equines arrived in 
France every year from 2010 to 2012; 65% came from very-low-risk regions, and 
35% came from low-risk regions. In the case of bovines, all movements are 
registered in the TRACES database. An average of 145,500 bovines arrived in 
France every year from 2010 to 2012; 61% came from very-low-risk regions, and 
39% came from low-risk regions. 
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2. Probability of Release 

The probability of release is defined as the probability of an infectious equine 
or vector being released in a given area. The overall annual median probability of 
release in France was 3x10-3 for an infectious host (PW-host) and ranged from 1.4 
x10-2 to 3.6x10-2  for an infectious vector (PW-vector). Seasonal variation mostly 
resulted from the fact that the risk of release is negligible during the first half of 
the year, when low- and very-low-risk regions are considered to be unlikely to 
experience AHS outbreaks and equine imports from high-risk regions are very 
rare. From July to December across all years, the probability of release remained 
relatively constant; the monthly median probability that an infectious host would 
be released (PW-host) varied from 2.6x10-4 to 9.5x10-4, and the monthly median 
probability that an infectious vector (PW-vector) would be released ranged from 
1.1x10-3  to 6.9x10-3. An exceptionally high peak was observed in July 2011 due to 
arrival of several horses from a high-risk country.  

Areas varied greatly in their median release probabilities due to differences in 
the type and number of imports, but the annual probability of release for a given 
area was similar over time. As a result, for a given pathway of AHSV introduction, 
the areas most at risk remained the same (see Figure 5).  

3. Probability of Establishment 

We determined the probability of establishment for each area of France, 
which was the probability that at least one local host would be infected by a local 
vector after the release of a single infectious host or vector. The probability of 
establishment varied as a function of temperature, vector abundance, the length 
of the equine host’s viremic period, and the bovine-to-equine ratio in arrival area 
k. In the case of the infectious vector,  𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) also depended on the life 
span of the specific Culicoides being transported. The risk of establishment was 
highest from May to October and peaked between June and August (Figure 6). 
Temporal and regional differences were observed—owing to variation in 
temperature and relative host abundance—but some areas clearly faced greater 
risks than others (Figure 5). 
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Figure 5: Main at risk French areas for AHSV release, establishment and introduction per 
introduction pathways. 
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Figure 6: National probabilities of AHS establishment per introduction pathway and per 
year for France. Solid lines are the median values, large dash lines the upper border and 
tiny dash lines the lowest border. NB: the results for zebras are similar to results for 
donkeys. 

 

4. Overall Risk assessment  

The probability of introduction was obtained by combining the probability of 
release and the probability of establishment. The median annual risk of 
introduction due to an infectious host was almost constant across time 
(approximately 5x10-4). The median annual risk of introduction due to an 
infectious vector varied from 4x10-5 to 6x10-5. These figures mean that, currently, 
the annual risk that an infectious host will introduce AHSV into France is 
approximately 1 in 2,000; there is a 1 in 16,666 to 25,000 chance that AHSV 
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introduction will be caused by an infectious vector. At the national scale, the 
monthly probability of introduction was similar over time, but the level of 
uncertainty was large (Figure 7).  
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Figure 7: National probabilities of AHS introduction per year and per introduction pathway 
for France. Solid lines are the median values, large dash lines the upper border and tiny 
dash lines the lowest border.  
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The probability of introduction was the highest in the summer; it peaked in 
July for both pathways of introduction and in all three years. From November to 
June, the probability of introduction was nil, except when animals were imported 
from high-risk regions to the warmest areas of France (e.g., Languedoc Roussillon 
in March 2012).  

When animals were imported to colder areas, the probability of establishment 
was zero, making the probability of introduction zero (e.g., Basse Normandie in 
March 2012). Introduction risk varied greatly across space and time (see, for 
example, year 2012 in Figure 8 and Additional Files 4 and 5) but, over the three 
years examined, some areas consistently had a higher probability of introduction 
(see Figure 5). If it is assumed that an average of one midge accompanies each 
large animal being transported, both pathways can be combined to yield a single 
probability of introduction Figure 9), to which infectious hosts appear to be the 
main contributors. 

 

 
Figure 8: Monthly regional probabilities of AHS introduction into France from July to 
October 2012. Results for PW-host are presented in the upper line and results for PW-
vector in the lower line. Red: probability of introduction > 1E-05; Dark orange: probability 
of introduction >1E-06 and < 1E-05; Light orange: probability of introduction >1E-07 and < 
1E-06; Yellow: probability of introduction >1E-08 and < 1E-07; White: probability of 
introduction <1E-08 
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Figure 9: Annual regional probabilities of AHSV introduction to France via PW-host and 
PW-vector. Low probabilities are defined as the probabilities < 1E-06, medium 
probabilities as the probabilities between 1E-06 and 1E-05, high probabilities as the 
probabilities > 1E-05. 

 

The average contribution of each region of origin to introduction risk is shown 
in Table 3. Intra-EU trade contributes most to the risk of AHSV introduction via the 
infectious host pathway; low-risk EU countries are the largest contributors even 
though they are responsible for a lower volume of imports compared with very-
low-risk EU countries. This pattern is explained by the high number of equines 
traded within the EU and by the fact that regulations governing intra-EU trade are 
less strict. No zebras were brought into France during the period we studied, and 
donkeys represented only 0.3% of recorded equine imports. Their average relative 
contribution to AHSV introduction risk was 1.2%. Animals imported from high-risk 
regions account for only 0.02% of the large livestock arriving in France, and their 
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average contribution to AHSV introduction risk via infectious vectors was 1.5%. As 
a result, imports from low-risk regions made the largest contribution to AHSV 
introduction risk via infectious vectors. Furthermore, cattle cannot be imported 
from outside the EU and, consequently, most of the transport of large livestock 
takes place within the EU (99.3%). Given this fact and the fact that regulations 
regarding vector control are identical in all low-risk regions (EU and non-EU 
countries alike), trade of large livestock within the EU is the main contributor 
when it comes to the risk of AHSV being introduced by an infectious vector. 

 
Table 3: Average contribution (%) of departure regions to the AHSV introduction risk for 
France. Results are presented for both pathways and compared to the total number of 
imports to France which are, for PW-host, the equine imports and, for PW-vector, the 
large animals imports (equine and bovine). 

Exporting 
region 

High 
risk 

Low risk Very low risk TOTAL 
non-EU 

member 
EU 

member 
non-EU 

member 
EU 

member 
non-EU 

member 
EU 

member 
PW-
host 

Risk 0.82 3.3 63.2 4.3 28 7.6 91.2 
Import 0.13 3.75 32.6 5.1 58.4 8.81 91 

PW-
vector 

Risk 1.5 98.5 / / / 
Import 0.02 99.98 / / / 

 

5. Sensitivity analysis 

A sensitivity analysis was performed for the two areas identified in  

Figure 9 as being at risk for AHSV introduction via the two introduction 
pathways: Ile de France and Provence. The level of uncertainty surrounding the 
risk of introduction was rather constant for both areas, with one exception: the 
level of uncertainty was far higher than average in Provence in October 2012 as a 
result of major variation in local temperatures. The results of the analysis are 
summarized in Figure 10and Figure 11 respectively, for the infectious host 
pathway and the infectious vector pathway for July (higher risk month) and 
October (late summer; characterized by lower risk and large uncertainty for one 
area) in 2012.  

 

 



 

36 

 

 
Figure 10: Correlation of the model input parameters with the probability of introduction 
of AHSV via PW-host. Results are presented for Ile de France (light blue) and Provence 
(dark blue) in July and October 2012. Only input parameters with at least one correlation ≥ 
|0.1| have been included in the tornado charts. The underline parameters are the 
uncertain parameters; the bold parameters are both uncertain and variable due to 
stochasticity; the others are only variable due to stochasticity. 

 

 
Figure 11: Correlation of the model input parameters with the probability of introduction 
of AHSV via PW-vector. Results are presented for Ile de France (light blue) and Provence 
(dark blue) in July and October 2012. Only input parameters with at least one correlation ≥ 
|0.1| have been included in the tornado charts. The underline parameters are the 
uncertain parameters; the bold parameters are both uncertain and variable due to 
stochasticity; the others are only variable due to stochasticity. 
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As expected, the values of the input parameters had a constant impact on the 
model’s results over time and space, with only few exceptions. Furthermore, the 
most important input parameters mainly encompassed variability due to 
stochasticity (7 out of 10 parameters for PW-host and 6 out of 8 for PW-vector) 
and, to a lesser extent, uncertainty. Nevertheless, compared to its effects in other 
areas and months, average monthly temperature had a greater impact on the 
results for Provence in October for both pathways of introduction. This pattern 
was due to the fact that temperatures varied greatly in this area during this 
month. This result explains the high level of uncertainty associated with the 
probability of introduction in this area in this month and highlights the large 
influence of temperature on the model’s results. 

 

D. DISCUSSION 

The model revealed that the annual risk of AHSV being introduced to France 
was very low and relatively constant for the pathways and years examined. The 
median value for the introduction risk via imported infectious equines (PW-host) 
was 0.0005; for infectious vectors (PW-vector), median introduction risk varied 
from 4x10-5 to 6x10-5 across years, assuming that one Culicoides midge arrived 
with each imported animal. The PW-host estimate was very similar to that 
obtained by de Vos and colleagues when they assessed the risk of AHSV being 
introduced to the Netherlands [24]. The latter study did not distinguish between 
EU countries and non-EU countries and only took into account competition 
horses; however, it did include horses traveling through the Netherlands to reach 
other countries. The PW-vector estimate was highly dependent on our 
assumption that only one Culicoides midge was associated with each imported 
animal. Indeed, the higher the number of associated Culicoides, the higher the 
probability of introduction. If it is the case that, on average, one Culicoides is 
associated with each imported animal, then the risk tied to this pathway of 
introduction is ten times lower than that tied to infectious hosts. As a result, AHS-
free countries only face significant introduction risks if the number of Culicoides 
being transported is large as that required for BTV, as shown by Napp et al. for 
Spain [19]. On the one hand, our assumption of one Culicoides per animal could 
be overly pessimistic because midges could exit the transport vehicle after feeding 
and thus not reach the animal’s final destination. On the other hand, it could be 
an overly optimistic assumption because large numbers of Culicoides may be 
found on large animals. Because data are lacking on the number of Culicoides 
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being transported with mammalian hosts, it is difficult to determine how each 
pathway of introduction contributes to overall introduction risk.  

Our study indicates AHSV establishment in France may be favored from May 
to October. This finding is consistent with the results obtained by Lo Iacono et al. 
for the UK [45], by Martinez-Lopez et al. for Spain [46] and by de Vos et al. for the 
Netherlands [24]. In France, the favorable period for AHSV establishment is longer 
than in the UK (June to September) and the Netherlands (June to August) but 
shorter than in Spain (April to December), which is a logical consequence of 
climatic differences. Such differences should be taken into account when AHSV 
introduction within Europe is addressed at a larger scale. 

Major differences were found among French regions and between 
introduction pathways. As expected, the coldest regions with the smallest equine 
populations had the lowest risk of AHSV introduction (e.g., Centre and Auvergne). 
In contrast, the warmest regions were most at risk for AHSV introduction (e.g., 
Aquitaine and Midi-Pyrénées), as were colder regions with larger equine 
populations (e.g., Basse Normandie and Ile de France). Warmer regions faced 
higher levels of risk mostly because of their favorable climatic conditions, while 
larger equine populations increased risk in colder regions. Nevertheless, if spatial 
differences were mainly determined by the probability of establishment, import-
related variation (number and species imported) also played an important role, as 
seen in the Corse region: even if climatic conditions are favorable, the probability 
of introduction will be low if there are very few imported animals. These results 
emphasize that it is important to analyze spatiotemporal variation in risk when 
developing efficient surveillance systems and optimizing control measures. For 
instance, if there is a high risk that a pathogen will be introduced by an infectious 
vector, insecticides should be applied before animals are imported. In contrast, if 
there is a high risk that a pathogen will be introduced by an infectious host, 
quarantine measures should be more stringent and/or extra tests should be 
performed on horses coming from low-risk regions. 

We found that seasonal variation in temperature can have a large impact on 
the risk of introduction because it exerts a strong influence over vector 
abundance and biology, which, taken together, determine a vector’s capacity to 
transmit AHSV [47][3]. The risk of ASHV introduction was higher during periods 
characterized by higher than average temperatures. This finding concurs with 
results from work examining the introduction of BTV-8 to northwestern Europe: 
the extreme temperatures during July 2006 may have contributed to its 
widespread diffusion [48]. Therefore, rare, extreme climatic events and, more 
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generally, global warming should have a large influence on the probability of 
AHSV establishment, as has been shown for BTV [49][50]. Given the progression 
of global warming, risk assessments should be regularly updated to account for 
climatic changes. 

Our study reveals that complete and accurate data on the movements and 
distribution of the EU’s equine population are not available: it is hard to trace 
horses within the EU. The introduction of mandatory horse passports in 2008 
improved the situation but, apart from rare exceptions [46], it is still difficult to 
follow the EU’s equine population [51] and assessing the population’s distribution 
and fluxes remains a challenge (see the UK [52]). for an example). This is a major 
concern given that the distribution of the equine population had an important 
impact on our results (see the ratio of bovines to equines in Figures 8 and 9); 
moreover, the number of equines being imported is obviously highly correlated 
with introduction probabilities. Furthermore, several equine viruses are zoonotic 
(e.g., eastern and western equine encephalomyelitis viruses, Venezuelan equine 
encephalitis virus, and West Nile virus), and the risk that they will be introduced 
to and spread within the EU is definitely not negligible [22]. It is, in fact, currently 
increasing; indeed, West Nile virus has already become endemic in some regions 
[53]. Improving the traceability of horses within the EU would thus be 
advantageous when it comes to better assessing the risk posed by AHSV and other 
zoonotic diseases. 

The risk assessment model described in this paper addresses the risk of AHSV 
being introduced to France by two pathways of introduction considered to be of 
importance [23]. However, other pathways may also substantially contribute to 
introduction risk. Several studies have highlighted that the wind may efficiently 
transport Culicoides over long distances, both across sea [25, 54] and land [55]; it 
might have been involved in the spread of BTV in Europe [25][26][27]. Wind-
mediated dispersal of infected vectors might also have resulted in AHSV being 
introduced to Cape Verde Island in 1944, Cyprus in 1960, the Middle East in 1960 
and Spain in 1966 [56]. An extensive assessment of the role played by the wind in 
spreading Culicoides midges and Culicoides-borne infections across the 
Mediterranean Basin would elucidate the importance of this pathway for AHS 
introduction. However, the wind-mediated dispersal of AHSV is most likely to 
occur in the south of France close to low-risk regions, which is also where AHSV 
introduction is most likely to occur via the pathways examined in this study. 
Therefore, we think that this study accurately identifies the regions of France that 
face the greatest risk of AHSV introduction. Furthermore, the risk that AHSV will 
be introduced via wind-borne infectious Culicoides cannot be mitigated by direct 
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preventive measures, such as importation restrictions. Instead, to be effective, 
control measures would have to influence the probability of establishment; for 
instance, insecticides could be used to protect local hosts against wind-borne 
vectors.  

Our model provides a basis for creating a risk-based surveillance system in 
France that focuses on the regions and time periods associated with higher levels 
of AHSV introduction risk. The model could also be used for assessing risk and 
establishing surveillance procedures in other European countries. This application 
is especially important because our study has revealed that European countries 
make the largest contribution to France’s AHSV introduction risk (e.g., PW-host: 
91.2%). Indeed, if an infection occurs in one European country but is not detected, 
then it can easily spread to other European countries because there is little 
verification and tracking of equine movements within the EU. By implementing a 
risk-based surveillance strategy in each country in the EU, infections would have a 
higher probability of being detected early on; as a consequence, the contribution 
of fellow EU countries to introduction risk would decline (see the probabilities of 
non-notified AHS occurrence in low- and very-low-risk regions in Figures 8 and 9). 
By reinforcing the tracking of equine movements within the EU, infection would 
also have less chance to disseminate and the policy implications of an AHS 
introduction will be more limited. Such strategies could be a means of minimizing 
the risk and impact of an AHSV outbreak for the entire European equine industry. 

 

E. CONCLUSION  

We have developed a quantitative risk assessment model to estimate the risk 
of AHSV being introduced to France via the importation of infectious equines and 
infectious Culicoides midges associated with large livestock. The risk that AHS will 
be introduced to France is very low; however, risk varies tremendously among the 
different regions of the country due to variation in temperature and equine 
population size. The regions most at risk are those with the warmest climates as 
well as those that are colder but that harbor larger equine populations. 
Introduction risk is greatest from July to October and peaks in July. Despite the 
low probability that AHSV is present in the EU, intra-EU trade of equines 
contributes most to the risk of AHSV introduction to France because it is 
responsible for a large number of horse movements. Spatiotemporal differences 
need to be addressed when assessing the risk that AHSV will be introduced to a 
given location and when developing and implementing risk-based surveillance 
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procedures. The methods and results of this study may help guide surveillance 
programs and other risk-reduction measures aimed at preventing the introduction 
of AHSV or minimizing its potential impact once it has been introduced, both in 
France and in other European countries.  
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H. APPENDIX 

1. APPENDIX: Model calculation for PW-host 

Every calculus below is made for an equine from species i imported from an 
area j to the free area k the month m. All the parameters used are detailed in the 
Additional file 2.  

The probability of introduction for PW-host is the probability to import at least 
one infected host able to transmit the infection to at least one local host and is 
defined as:  

P(introHijkm) = 1 − [1 − P(relHijkm) × P(estHijkm)]eqijkm  

Where P(relHijkm), the probability of release, depends of the importation 
procedure implemented and the periods where a host is infected 
and P(estHijkm), the probability of establishment, is defined as:  

P(estHijkm) = 1 − [1 − 𝐼𝐼𝑉𝑉𝑉𝑉 × 𝑃𝑃(𝑠𝑠𝑠𝑠𝑠𝑠𝑣𝑣𝑘𝑘𝑘𝑘) × 𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑘𝑘 × 𝐼𝐼𝑉𝑉𝑉𝑉]𝑐𝑐𝑒𝑒𝑐𝑐𝑖𝑖𝑘𝑘𝑚𝑚   

with culikm the number of vectors feeding on an infected viraemic imported 
host equals at BRkm x Vir x Ckm 

For each category of exporting region, there is different import procedure 
implemented and thus different periods z where a host can be infected. For a 
given region j, there is a total of w different time periods z where the equine can 
be infected depending on the import procedure implemented for the region j.  

The different periods z for each region j are presented below: 

- High risk countries: host can be infected 1) Before quarantine, 2) During 
quarantine but before the first serological test CF1, 3) During quarantine 
but between the both serological tests CF1 and CF2, 4) During quarantine 
but after CF2 and before clinical exam, or 5) After clinical exam. 

- Low risk countries: 
o Non EU country member: host can be infected 1) Before 

quarantine, 2) During quarantine but before CF1, 3) During 
quarantine but between CF1 and CF2, 4) During quarantine but 
after CF2 and before clinical exam, or 5) After clinical exam. 

o EU country member:  host can be infected 1) Before clinical exam, 
or 2) After clinical exam. 

- Very low risk countries: 
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o Non EU country member: host can be infected 1) Before clinical 
exam, or 2) After clinical exam. 

o EU country member: host can be infected 1) Before clinical exam, 
or 2) After clinical exam. 

The probability of release by species i from region j to area k during a specific 
month m (P(relHijkm)) is thus calculated as: 

P(relAijkm) = ∑ [(length period z)×P(relAijkmz)]w
z=1

∑ (length period z)w
z=1

 

Where 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is the probability of release when the animal i is infected 
during the time period z. 

P(relAijkmz) is calculated for each period z as: 

P(relAijkmz) = P(infijmz) × P(virijmz) × (1 − P(CF1iz)) × (1 − P(CF2iz)) × (1
− P(clinijmz)) × (1 − P(transijkz))  

1. 𝐏𝐏(𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢) = Probability for a host to be infected during period z in the 
month m in area j  

The probability of infection during a certain period z (before or during the 
import procedure) depends on the fraction of this period z spend in each of the 
months m, m-1 and m-2. 

a. No quarantine and CF test are required 

Entire period of being at risk of infection is the high risk period (HRP).  

 Probability that the imported host is infected before clin  

If HRP < e            = POjm × CIm 

If HRP > e  

 If HRP < 30 + e 

 = POjm
HRP  × [CIm  × e + CIm−1 × (HRP −  e)]  

If HRP > 30 + e 

 = POjm
HRP  × [CIm × e +  CIm−1 × 30 + CIm−2 × (HRP − 30 − e)] 

 

 Probability that the imported host is infected after clin  
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= POjm × CIm 
 

b. Quarantine and CF tests required 
 
 Probability that the imported host is infected before q   

If q – e < 30 
 

=
POjm

Inftime
 × [CIm−1 × (30 − q + e) + CIm−2 × (Inftime − (30 − q + e))] 

If q – e > 30 

=
POjm

Inftime
 × [CIm−2 × (60 − q + e) + CIm−3 × (Inftime − 60 + q − e)] 

 Probability that the imported host is infected between q and cf1   
If e – cf1 < 0 

If q > 30 + e

=
(1 − Protvect) × POjm

q − cf1  × [CIm−1 × (30 − cf1 + e) + CIm−2 × (q − 30
− e)] 

 
If q < 30 + e
= (1 − Protvect) × POjm × CIm−1 

 
if e – cf1 > 0 
 if q > 30 + e 

 = (1−Protvect) × POjm
q−cf1  × [CIm × (e − cf1) + CIm−1 × 30 + CIm−2 × (q −

30 − e)] 
 
 if q < 30 + e 

=
(1 − Protvect)  ×  POjm

q − cf1  × [CIm × (e − cf1) + CIm−1 × (q − e)] 

   
 Probability that the imported host is infected between cf1 and cf2   

If e < cf2 

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm−1 × (30 − cf2 + e) + CIm−2 × (cf1 − 30
− e)] 

If e > cf2 
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 if cf1 > 30 + e 

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm × (e − cf2) + CIm−1 × 30 + CIm−2

× (cf1 − 30 − e)] 
 

if cf1 < 30 + e  

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm × (e − cf2) + CIm−1 × (cf1 − e)] 

 
 Probability that the imported host is infected after cf2  

If e < cf2

 = (1−Protvect) × POjm
cf2  × [CIm × e + CIm−1 × (cf2 − e)] 

 
If e > cf2 
= (1 − Protvect )  ×  POjm × CIm  
 
 
2. 𝐏𝐏(𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐯𝐢𝐢𝐢𝐢𝐢𝐢) = Probability for a host to be vireamic or incubating when 

imported to area B given being infected 
 
Calculation is based on a constant viraemic and latent period, which is equal for 
each equine of species i.  
 

a. No quarantine and CF test are required 
 When infected before clin  

If In + Vir < tAB + clin 
= 0 
 
If In + Vir > HRP + tAB + clin 
= 1 
 
If In + Vir < HRP + tAB + clin 

= In + Vir − tAB
HRP − clin  

 
 When infected after clin  

If In > tAB + clin 
= 1 
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If In < tAB + clin 
 If In + Vir > tAB + clin 
 = 1 
 

If In + Vir < tAB + clin

= In + Vir
tAB + clin 

 
b. Quarantine and CF tests required 
 When infected before q  

If In + Vir > Inftime + q + tAB 

= 1 
 
If In + Vir < q + tAB 
= 0 
 
If In + Vir < Inftime + q + tAB 

= In + Vir − q − tAB
Inftime

 

 
 When infected between q and cf1  

If In + Vir > q + tAB 

= 1 
If In + Vir < cf1 + tAB 
= 0 
 
If q + tAB > In + Vir > cf1 + tAB  

= In + Vir − cf1 − tAB
q − cf1  

 
 When infected between cf1 and cf2  

If In + Vir > cf1 + tAB 

= 1 
 
If In + Vir < cf2 + tAB 
= 0 
 
If cf1 + tAB > In + Vir > cf2 + tAB  
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= In + Vir − cf2 − tAB
cf1 − cf2  

 
 When infected after cf2  

If In + Vir > cf2 + tAB 

= 1 
 
If In + Vir < tAB 
= 0 
 
If cf2 + tAB > In + Vir > tAB  

= In + Vir − tAB
cf2  

 
3. 𝐏𝐏(𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐜𝐢𝐢𝐢𝐢𝐢𝐢) = Probability for an infected host to be detected during 

importation procedure  
 

a. No quarantine and CF test are required 
Probability to be detected during importation procedure = Probability to be 
detected by clinical inspection 

 When infected before clin  
If In > HRP – clin  
= 0 
 
If In < HRP – clin 

If In + Vir < HRP – clin

= Vir × Seclin
HRP − clin 

  
If In + Vir > HRP – clin

= (HRP − clin − In) × Seclin
HRP − clin  

 
 When infected after clin  

= 0 
 

b. Quarantine and CF tests required 
 

i. 𝑃𝑃(𝐶𝐶𝐶𝐶1𝑖𝑖𝑖𝑖) = Probability for an infected host to be detected by cf1  
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 When infected before q  
if q – cf1 < Sero 
= Se 
 
If Inftime + q – cf1 < Sero 
= 1 – Sp 
 
If Inftime + q – cf1 > Sero 

= (Inftime − Sero + q − cf1) × Se
Inftime

+ (Sero − q + cf1) × (1 − Sp)
Inftime

 

 
 When infected between q and cf1  

If q – cf1 < Sero 
= 1 – Sp 
 
if q – cf1 > Sero 

= (q − cf1 − Sero) × Se
q − cf1 + Sero × (1 − Sp)

q − cf1  

 
 

ii. 𝑃𝑃(𝐶𝐶𝐶𝐶2𝑖𝑖𝑖𝑖) = Probability for an infected host to be detected by cf2 
Assumption: cf1 and cf2 are independent 

 When infected before q  
if q – cf2 > Sero 
= Se 
 
If Inftime + q – cf2 < Sero 
= 1 – Sp 
 
If Inftime + q – cf2 > Sero 

= (Inftime − Sero + q − cf2) × Se
Inftime

+ (Sero − q + cf2) × (1 − Sp)
Inftime

 

 
 When infected between q and cf1  

if q – cf2 < Sero 
= 1 – Sp 
 
If q – cf2 > Sero 



 

53 

 

 If cf1 – cf2 > Sero 
 = Se 
 
 If cf1 – cf2 < Sero 

= (q − cf2 − Sero) × Se
q − cf1 + (Sero − cf1 + cf2) × (1 − Sp)

q − cf1  

 
 When infected between cf1 and cf2  

if cf1 – cf2 < Sero 
= 1 – Sp 
 
If cf1 – cf2 > Sero 

= (cf1 − cf2 − Sero) × Se
cf1 − cf2 + Sero × (1 − Sp)

cf1 − cf2  

 
 

iii. P(clin) = Probability for an infected host to be detected by clinical 
inspection  
 When infected before q  

If In + Vir < q – clin or In > Inf_time + q – clin 
= 0 
 
If In + Vir > Inf_time + q – clin 
 If In < q – clin 
 = Seclin 

 
If In > q – clin

= (In − q + clin) × Seclin
Inftime

 

  
If Inf_time + q – clin > In + Vir > q – clin 

If In < q – clin

= (In + Vir − q + clin) × Seclin
Inftime

 

 
If In > q – clin

= Vir × Seclin
Inftime
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 When infected between q and cf1  
If In + Vir < cf1 – clin or In > q – clin 
= 0 
 
If In + Vir > q – clin 
 If In < cf1 – clin 
 = Seclin 

 
If In > cf1 – clin

= (In − cf1 + clin) × Seclin
q − cf1  

If q – clin > In + Vir > cf1 – clin 
If In < cf1 – clin

= (In + Vir − cf1 + clin) × Seclin
q − cf1  

 
If In > cf1 – clin

= Vir × Seclin
q − cf1  

 
 When infected between cf1 and cF2  

If In + Vir < cf2 – clin or In > cf1 – clin 
= 0 
 
If In + Vir > cf1 – clin 
 If In < cf2 – clin 
 = Seclin 

 
If In > cf2 – clin

= (In − cf2 + clin) × Seclin
cf1 − cf2  

 
If cf1 – clin > In + Vir > cf2 – clin 

If In < cf2 – clin

= (In + Vir − cf2 + clin) × Seclin
cf1 − cf2  

 
 If In > cf2 – clin 
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= Vir ×Seclin
cf1−cf2   

 
 When infected after cf2  

If In > cf2 – clin 
= 0 
 
If In < cf2 – clin 
 If In + Vir > cf2 – clin 
 = (cf2− clin−In)× Seclin

cf2−clin  
 
If In + Vir < cf2 – clin 

= Vir ×  Seclin
cf2 − clin  

 
 

4. 𝐏𝐏(𝐭𝐭𝐭𝐭𝐭𝐭𝐭𝐭𝐭𝐭𝐢𝐢𝐢𝐢𝐢𝐢𝐢𝐢) = Probability for an infected host to be detected during 
transport from A to B given having passed the examinations and testing 
prior to embarkation. 
 
a. No quarantine and CF test 
 When infected before clin  

If In > HRP + tAB - clin 
= 0 
 
If In < HRP + TAB - clin 
 If In + Vir < HRP – clin  

= Vir ×  Seclin
HRP − clin  

 
 If In + Vir > HRP – clin  

= (HRP − clin + tAB − In) ×  Seclin
HRP − clin  

 
 When infected after clin 

If In > tAB + clin 
= 0 
 
If In < tAB + clin 



 

56 

 

 If In + Vir < clin + tAB   

= Vir ×  Seclin
tAB − clin  

 
 If In + Vir > clin + tAB  

= (clin + tAB − In) ×  Seclin
tAB − clin  

 
b. Quarantine and CF tests required 
 When infected before q  

If In + Vir < q + tAB or In > Inf_time + q + tAB 
= 0 
 
If In + Vir > Inf_time + q + tAB 
 If In > q + tAB   

= (In − q − tAB) ×  Seclin
Inftime

 

 
 If In < q + tAB 

= Seclin 

 
If Inf_time + q + tAB > In + Vir > q + tAB 
 If In > q + tAB 

= Vir ×  Seclin
Inftime

 

 

If In < q + tAB 

= (In − q − tAB) ×  Seclin
Inftime

 

 
 When infected between q and cf1  

If In + Vir < cf1 + tAB or In > q + tAB 
= 0 
 
If In + Vir > q + tAB 
If In > cf1 + tAB  

= (In − cf1 − tAB) ×  Seclin
q − cf1  
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 If In < cf1 + tAB 

= Seclin 

 
If q + tAB > In + Vir > cf1 + tAB 
 If In > cf1 + tAB 

= Vir ×  Seclin
q − cf1  

 

If In < cf1 + tAB 

= (In + Vir − cf1 − tAB) ×  Seclin
q − cf1  

 
 When infected between cf1 and cf2  

If In + Vir < cf2 + tAB or In > cf1 + tAB 
= 0 
 
If In + Vir > cf1 + tAB 
 If In > cf2 + tAB  

= (In − cf2 − tAB) ×  Seclin
cf1 − cf2  

 
 If In < cf2 + tAB 

= Seclin 

 
If cf1 + tAB > In + Vir > cf2 + tAB 
 If In > cf2 + tAB 

= Vir ×  Seclin
cf1 − cf2  

 

If In < cf2 + tAB 

= (In + Vir − cf2 − tAB) ×  Seclin
cf1 − cf2  

 
 When infected after cf2  

If In > cf2 + tAB 

= 0 
 
If In < cf2 + tAB 

  If In + Vir > cf2 + tAB 
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= (cf2 + tAB − In) ×  Seclin
cf2  

 
If In + Vir > cf2 + tAB 

= Vir ×  Seclin
cf2  

    
5. 𝐏𝐏(𝐬𝐬𝐬𝐬𝐬𝐬𝐯𝐯𝐤𝐤𝐤𝐤) = Probability that the vector survives to the EIP and can have a 

blood meal during the month m  
 
P(survkm) =  𝑒𝑒−(𝑁𝑁𝑘𝑘𝑘𝑘×𝐺𝐺𝐶𝐶𝑘𝑘𝑘𝑘×𝑀𝑀𝑅𝑅𝑘𝑘𝑘𝑘) 
 
 

2. APPENDIX: Model parameters 

Preliminary definitions: 

- Tkm is the average monthly temperature during the month m in the area k (details 
of the estimation available in the main text) 

- Ckm is the number of competent vectors feeding on one equine in area k during 
the month m (details of the estimation available in the main text) 

- ρk is the ratio of the number bovines to the number of equines per area k (details 
of the estimation available in the main text) 

- e is defined as the day of embarkation (set the 12th of each month) 
- q is the length of quarantine (40 days given EU regulation) 
- clin is the day of the clinical exam before embarkation (equals zero, one or two 

days depending on the departure region given EU regulation). 
- Cf1 is the day when the first test is performed (35 days before embarkation - EU 

regulation) 
- Cf2 is the day when the second test is performed (10 days before embarkation - 

EU regulation) 

 

Inftime = Period when a horse can be infected before the start of import procedure such 
as quarantine or clinical exam when there is no quarantine 

If a quarantine applied: if HRP – q > 0, Inftime = HRP – q but if HRP – q < 0, Inftime = 0. 

If no quarantine applied: Inftime = HRP – clin 

HRP = High risk period 

The HRP is the time between virus introduction and the first formal detection. In low 
and very low risk region, we assumed that the first infected horse won’t be detected but 
that the secondary cases will be. Thus the time needed to detect the second case is 
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estimated as the time required for two incubation periods plus the time till the next 
infectious blood meal of a vector. In low risk regions HRP2 is assumed equal at 22 days 
(based on a temperature in the region j of 18°C). In very low risk region, HRP3 is assumed 
equal at 60 days (based on a temperature in the region j of 12°C). As in high risk region the 
virus is supposed endemic, there is no real HRP1 because an equine can be infected at any 
time (during or before quarantine). We thus choose to set a period of 30 days before the 
start of quarantine (thus 70 days before embarkation) as the earliest stage when a host 
can be infected. 

 

Dculi_inf = Day of vector becomes infected 

To estimate the day where the vector becomes infected (Dculi_inf ), we first only take 
into account the Culicoides susceptible to the infection. When a Culicoides is susceptible, 
one blood meal on a vireamic host is assumed sufficient for this vector to become infected 
[12]. Assuming a uniform distribution of the viraemic host and a constant monthly 
temperature Tjm in each departure area j, the moment (or day) of Culicoides infection 
follows a Uniform distribution between 1 (the Culicoides is infected the first day of its life) 
and 1/MRkm (the Culicoides is infected the last day of its life). 

 

CIijm = Cumulative monthly number of infectious hosts i in each departure area j  

Equidae have a seasonal foaling period but the foaling season depends on the 
geographical area considered (North or South hemisphere). We thus assumed that CIijm 
was a constant for all species in all departure region j. For low and very low risk regions, 
CIijm was considered as equals at 2x10-4 for all species based on AHSV epidemic in Spain 
[13, 14] [1]. For high risk region, CIijm was estimated for horses as a Pert distribution based 
on data from WAHID and FAO used by de Vos et al. [1]: Pert(4x10-6, 5.02x10-4, 1x10-3). For 
donkeys and zebras, CIijm in high risk region were respectively assumed equal at 1.2x10-2 
and 1.6x10-2 based on rate of seroconversion in foals, the surviving foaling rate and the 
offspring rate [15] [16]. 

 

rjm = Prevalence of infected vectors during an outbreak in the region j 

We applied for the prevalence of infected vector the same process than for infected 
host. Thus rjm is considered as a constant in all region j. In high risk region rjm is assumed at 
0.014 based on data from South Africa [17]. In low risk region, as for equidae the number 
of infectious animal is divided by 10-2 between high risk regions and low risk regions, the rate 
was here estimated as 1.4x10-4. 
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PARAMETER ESTIMATION  REF 

Vertebrate hosts 

Ii Incubation period (days) All equines: Pert(2,6,10)  [1] [2] 

Viri Viraemic period (longer for 
surviving animals than for animals 
succumbing from disease) 

Horses: Discrete({Gamma(29.75,0.20). 
Gamma(20.25,0.22)};{0.3,0.7})  
Donkeys: Discrete({28,12};{0.9,0.1})  
Zebras: Discrete({40,28};{0.99,0.01}) 

[1] [3] 

Seroi Time to seroconvertion (days) All equines: Uniform(10,14) [1] 

Vectors 

GCkm Length of the gonotrophic cycle 
month m  

= -1.98 + 0.07217 Tkm + 2516.65/Tkm
2 [4] 

BRkm Biting rate, reciprocal of the blood 
feeding interval (=Gonotrophic 
cycle) 

= 0.015  Tkm – 0.125 [4] [3] 

EIPkm Length of the EIP (days) = 0.0085  Tkm – 0.0821 [4] 

MRkm Mortality rate of the vector  (days-

1) 
= 0.015  exp(0.063  Tkm) [1] [3] 

[4] 

Nkm Number of gonotrophic cycles to 
complete an EIP + time to next 
blood meal 

= Roundup(EIPkm/GCkm)  

Interaction host vector 

λHV Probability for a vector to become 
infected after feeding on a viraemic 
host 

All equines: Beta(1.05,39.6) with a mean 
value of 0.02 

[5] [6] 

λVH Probability for a host to become 
infected after being bitten by an 
infectious vector 

All equines: Beta(6,2) with a mean value 
of 0.77 

[1] [7] 
[3] 

Export regulations 

Se Sensitivity of the CF test Beta(60,4) [1] 

Sp Specificity of the CF test Beta(62,2) [1] 

Seclin Sensitivity of clinical examination Horses 0.7; Donkeys 0.1; Zebras 0.01 [1] [8]  
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Protvect Efficiency of protection against 
vectors 

Uniform (0.5,0.9) 
[1]  

Dtransp Day of vector transportation after 
infection 

Uniform(Dculi_inf ; 1/MRkm) 
 

Departure region j 

POjm Probability of disease occurrence  Endemic: 1  

Low risk: Gamma [(15 x HRP2), 1/(60 x 
365)]  

Very low risk: Gamma [HPR3, 1/(61 x 
365)] 

[1] 

Arrival area k 

bequi Probability for a vector to bite a 
susceptible host 

=  1/(a x ρk + 1) 

With, a the vector preference for 
equidae (We assume that the vector has 
no host preference between cattle and 
horse and that a = 1) 

[9] 
[10][11] 
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3. APPENDIX: Model calculation for PW-vector 

All the parameters used are detailed in the Appendix 2. 
The probability to introduce a single vector from j to k during the month m which 
is able to induce an entire transmission cycle in which at least one local host is 
infected by a local vector is defined as: 
𝑃𝑃(𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝐵𝐵𝑗𝑗𝑗𝑗𝑗𝑗) = 𝑃𝑃(𝑖𝑖𝑟𝑟𝑟𝑟𝐵𝐵𝑗𝑗𝑗𝑗𝑗𝑗) × 𝑃𝑃(𝑟𝑟𝑒𝑒𝑖𝑖𝐵𝐵𝑗𝑗𝑗𝑗𝑗𝑗) 

Where P(relBjkm) = P (transculijm) × P (survtransjkm) × P(inf _culijm ) ×
ntransjkm 

And P(estBjkm) = P (surv𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎jkm) × bequik × IVH × [1 − [1 − IVH ×
P(survkm) × bequik × IHV]culikm] 
With culikm the number of vector feeding on an infected viraemic imported host 
calculated as: 
culikm = BRkm x Vir x Ckm 
 

1. 𝐏𝐏(𝐢𝐢𝐢𝐢𝐢𝐢 _𝐜𝐜𝐜𝐜𝐜𝐜𝐢𝐢𝐣𝐣𝐣𝐣) = Probability for a vector to be infected the month m in 
area j  

 
P(inf _culijm) = POjm × rjm 
 

2. 𝐏𝐏 (𝐭𝐭𝐭𝐭𝐭𝐭𝐢𝐢𝐬𝐬𝐜𝐜𝐜𝐜𝐜𝐜𝐢𝐢𝐣𝐣𝐣𝐣) = Probability for a vector to be transported after 
infection from area j  

Only a vector which is infected and transported poses a risk, therefore we only 
consider those vectors that are infected and transported during their life time. We 
assume that an infected vector will be infected at a uniformly distributed time 
during its life, Dinf. Additionally, we assume that a vector is transported at a 
uniformly distributed moment during its life time, which is exponentially 
distributed with mean 1/MRjm. The probability that the moment of transportation 
occurs after the infection event is equal to the part of the total lifetime of the 

vector that it is infected. Thus P (transculijm) is estimated, as made by Napp et al. 

[1], as: 

P (transculijm) =
(1/MRjm − Dinf)

1/MRjm
= 1 − Dinf MRjm 
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NB: Temperature in departure area j was assumed to be constant over months 
and thus MRjm is here also constant over months. 
 

3. 𝐏𝐏 (𝐬𝐬𝐬𝐬𝐬𝐬𝐯𝐯𝐭𝐭𝐬𝐬𝐭𝐭𝐭𝐭𝐬𝐬𝐣𝐣𝐣𝐣𝐣𝐣) = Probability for a vector to stay alive from j until the 
arrival in area k during the month m 

The conditions during travel (e.g. temperature) are assumed to not affect the 
viability of culicoides except when pest control is applied (worst case scenario). 
There is no data available on survival rate of culicoides in an unfavorable context 
as assumed to occur during transport. Moreover the conditions during transports 
have a high variability and information are impossible to collect.  
The probability to stay alive until the arrival is the probability to survive until 
transport and during the time of transport.  
P (survtransjkm) = e−MRjm×(Dtrans+tjk) × (1 − Protvect) 
 

4. 𝐏𝐏 (𝐬𝐬𝐬𝐬𝐬𝐬𝐯𝐯𝐭𝐭𝐬𝐬𝐬𝐬𝐚𝐚𝐯𝐯𝐭𝐭𝐥𝐥𝐣𝐣𝐣𝐣𝐣𝐣) = The vector survives to the transport from j, the EIP 
and can have at least a blood meal after the end of EIP and when arrives in 
the area k the month m 

 
If TB < 0 culicoides are assumed to not survive 
= 0 
 
If (Nm.GCjm) > (Dtransp + tjk) 
= eMRkm×(Dtrans+tjk)−Nm×GCjm 
 
If (Nm.GCjm) < (Dtransp + tjk) 
If tjk > GCjm 

we assume that the last GCm is spent half during transport and half in the arrival 
area k. 

= e−MRkm×
GCjm

2  
 
If tjk < GCjm 

we assume that the last GCm is spent half in the departure area j and half 
in the arrival area k. 

= e−MRkm×
GCjm−𝑡𝑡𝑗𝑗𝑗𝑗

2  
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NB : if Tk < T_min (9.5°C), where T_min is the minimal temperature for  formulae 
for MR and GC (if Tk is lower, the formulae are not valid), we will use the T_min in 
our calculus (worst case scenario). 
 

5. 𝐏𝐏(𝐬𝐬𝐬𝐬𝐬𝐬𝐯𝐯𝐤𝐤𝐤𝐤) = Probability that the local vector survives to the EIP and 
can have a blood meal during the month m in the area k  

 
P(survkm) =  𝑒𝑒−(𝑁𝑁𝑘𝑘𝑘𝑘×𝐺𝐺𝐶𝐶𝑘𝑘𝑘𝑘×𝑀𝑀𝑅𝑅𝑘𝑘𝑘𝑘) 
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ABSTRACT 
 

Equine encephalosis is a midge-borne viral disease of equines caused by 
equine encephalosis virus (EEV, Orbivirus, Reoviridae), and closely related to 
African horse sickness virus (AHSV). EEV and AHSV share common vectors and 
show similar transmission patterns. Until now EEV has caused outbreaks in Africa 
and Israel. This study aimed to provide insight in the probability of an EEV 
outbreak in The Netherlands caused by infected vectors or hosts, the contribution 
of potential source areas (risk regions) to this probability, and the effectiveness of 
preventive measures (sanitary regimes). A stochastic risk model constructed for 
risk assessment of AHSV introduction was adapted to EEV. Source areas were 
categorized in risk regions (high, low, and very low risk) based on EEV history and 
the presence of competent vectors. Two possible EEV introduction pathways were 
considered: importation of infected equines and importation of infected vectors 
along with their vertebrate hosts. The probability of EEV introduction (PEEV) was 
calculated by combining the probability of EEV release by either pathway and the 
probability of EEV establishment.  The median current annual probability of EEV 
introduction by an infected equine was estimated at 0.012 (90% uncertainty 
interval 0.002 – 0.020), and by an infected vector at 4.0 10-5 (90% uncertainty 
interval 5.3 10-6 – 2.0 10-4). Equines from high risk regions contributed most to the 
probability of EEV introduction with 74% on the EEV introduction by equines, 
whereas low and very low risk regions contributed 18% and 8%, respectively. 
International movements of horses participating in equestrian events contributed 
most to the probability of EEV introduction by equines from high risk regions 
(86%), but also contributed substantially for low and very low risk regions with 
47% and 56%. The probability of introducing EEV into The Netherlands is much 
higher than the probability of introducing AHSV with equines from high risk 
countries contributing most. The introduction by an infected equine is the most 
likely pathway. Control measures before exportation of equines showed to have a 
strong mitigating effect on the probability of EEV introduction. The risk of EEV 
outbreaks should be taken into account when altering these import regulations. 
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A. INTRODUCTION  

Equine encephalosis is a vector-borne disease of equines that is proven 
endemic in South Africa, Ethiopia, Ghana, The Gambia (Oura et al., 2012), and 
Israel (Mildenberg et al., 2009; Aharonson-Raz et al., 2011; Wescott et al., 2013). 
Equine encephalosis is caused by equine encephalosis virus (EEV), belonging to 
the Orbivirus genus of the family Reoviridae (Viljoen and Huismans, 1989) and is 
closely related to African horse sickness virus (AHSV) and bluetongue virus (BTV) 
(Williams et al., 1993). EEV is transmitted by Culicoides spp. (midges). 

Equine encephalosis has been described mostly as a subclinical disease 
(Paweska and Venter, 2004b). Isolated clinical outbreaks were reported in South 
Africa during the late summers of 1967 and 1978 (Viljoen and Huismans, 1989), 
and in Israel in 2009 (Mildenberg et al., 2009). Occasionally, infected horses show 
clinical symptoms, such as fever, depression, and swelling of the eyelids, after an 
incubation period of 2 to 6 days (Mellor and Boorman, 1995; Oura et al., 2012). 
Donkeys and zebras are considered to be resistant to clinical disease, but not to 
infection with EEV. Therefore, these species might be a reservoir of EEV in 
endemic countries (Howell et al., 2002; Paweska and Venter, 2004b). Mortality 
due to equine encephalosis is low in all equines and serological testing is required 
to identify current or past EEV infections (Williams et al., 1993; Howell et al., 
2002; Crafford et al., 2003; Crafford et al., 2011). 

Culicoides imicola and Culicoides bolitinos are the main vectors for EEV 
transmission in South Africa and Israel (Venter et al., 1999; Venter et al., 2002; 
Van der Rijt et al., 2008; Aharonson-Raz et al., 2011). C. imicola and C. bolitinos 
are also competent vectors for AHSV and BTV (Mellor and Boorman, 1995; Venter 
et al., 2002; Paweska and Venter, 2004b). Although these Culicoides species have 
not been found in North-western Europe (Japin, 2013), other species belonging to 
the Pulicaris and Obsoletus species complexes, were responsible for transmission 
of the related BTV in North-western Europe (Meiswinkel et al., 2008), and possibly 
also for AHSV transmission in Spain (Mellor et al., 1990). AHSV, BTV and EEV share 
common vectors in African endemic countries and hence the Pulicaris and 
Obsoletus species complexes should be also considered as potential vector for 
EEV in North-western Europe (Takken et al., 2008). EEV in Europe can thus not be 
excluded and might pose a threat to the horse industry. (MacLachlan and Guthrie 
2010; Zimmerli et al. 2010). 

The Netherlands is of special interest because the country experienced recent 
outbreaks of other Culicoides borne animal infections for which the source is 
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currently still unknown (Elbers et al 2008, EFSA 2013). Additionally it has a high 
horse density (De Vos et al 2012). Furthermore, The Netherlands has an estimated 
horse population of 4.5 x 105 horses of which approximately 40% is for 
commercial purposes (Mourits and Saatkamp, 2010 in De Vos et al., 2012). An 
outbreak of EEV might have severe economic and socio-ethical impact due to 
imposed control measures such as movement standstills and export restrictions.  

Large-distance spread of EEV in Africa might either have been due to dispersal 
of competent vectors or movement of infected hosts (Howell et al., 2008). It has 
been suggested that EEV reached Israel by infected vectors carried by wind from 
neighbouring countries (Aharonson-Raz et al., 2011; Mildenberg et al., 2009). 
Introduction by wind-borne spread of infected vectors of EEV into The 
Netherlands is unlikely to happen due to the large geographical distance to EEV-
endemic countries.  

AHSV and EEV have similar transmission patterns (Lord et al., 2002). In 
analogy with AHSV, introduction of EEV into areas free of infection might occur by 
translocation of infected hosts or infected vectors associated with large animal 
trade (De Vos et al., 2012, Faverjon et al., 2015).  International movements of 
equines, including those participating in equestrian events, and ruminants should 
thus be considered as possible EEV introduction routes into The Netherlands. 

The present research proposes a quantitative risk analysis to evaluate the 
probability of EEV introduction into The Netherlands. The introduction of EEV is 
defined as the release of the virus into an area free of EEV, followed by its 
establishment in the local host population. Two introduction pathways are 
evaluated: introduction of EEV by an infected equine (PWequine) and introduction of 
EEV by an infected vector along with its vertebrate host (PWvector). The aims of this 
research were to estimate the probability of introduction through both 
introduction pathways, to identify seasonal patterns in EEV introduction, and to 
evaluate the effectiveness of sanitary measures.  

 

B. MATERIAL AND METHODS 

The stochastic risk model used in this study builds on previous risk models for 
the introduction of AHSV into The Netherlands (De Vos et al. 2012) and into 
France (Faverjon et al. 2015). The model was built in @Risk 6.3 (Palisade) and 
calculations are performed per month because of the seasonal effect on many 
input parameters. The results are the sum of all imports during a month for which 
the estimation is based on parameters with time unit in days. Number of model 
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iterations for each scenario was 10 000. In this section the outline of the model is 
presented as well as the main calculations and input parameters. Details of the 
model are presented in the supplementary information.  

1. Probability of introduction 

To estimate the probability of EEV introduction into The Netherlands, the 
probability of EEV release and the probability of subsequent establishment were 
calculated. It was assumed that all regions within The Netherlands have equal 
probability of EEV introduction and further local spread.  

Potential source countries were categorized by epidemic risk and sanitary 
regime (see Figure 12 and table 4). High, low, and very low risk regions for 
epidemic risk were distinguished according to EEV history and vector presence. 
High risk regions are regions in which the virus is presumed or known to circulate.  
Low risk regions are regions without known outbreaks but with a proven presence 
or likely presence of vector species.  

 
A likely presence was based on habitat suitability (Guichard et al. 2014) and 

proximity to regions in which the vector is currently known to be present. For 
example we did include countries in the Middle East and Caucasus, but not South-
Eastern Asia and the Americas. Very low risk regions are all other countries. 
Furthermore, we assume a more suitable climate in low risk countries than in very 
low risk countries with an average temperature of 18 degrees in low risk and 12 
degrees in very low risk countries. Given the low temperatures and absence of 
main vectors, we assume that no introduction will take place through vectors 
from very low risk regions (Faverjon et al. 2015). 

Regions with rigorous, normal, and easy sanitary regimes were distinguished 
according to EU legislation for importation of live animals (2009/156/EC; 
2004/211/EC). The rigorous regime consists of quarantine with vector control, 
two ELISA tests and clinical inspection at embarkation, the normal regime 
comprises quarantine with vector control and clinical inspection at embarkation, 
and the easy regime consists of only clinical inspected 48 hours prior to 
embarkation. Two possible introduction pathways for EEV were distinguished in 
the risk model (Figure 12), i.e., importation of an infected equine and importation 
of an infected Culicoides vector along with its vertebrate host.  
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Figure 12: Risk pathways for the introduction of EEV into The Netherlands (Free Area) 
describing all the necessary steps during EE transmission.  

 

EEV introduction into The Netherlands by both pathways was calculated by 
multiplying the probability of EEV release by the probability of establishment. The 
probability of EEV introduction via an infected equine 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚) in month m 
from region j is calculated as the probability that at least one of the imported 
horses is infected (𝑃𝑃𝑒𝑒𝑒𝑒_𝑟𝑟𝑒𝑒𝑟𝑟(𝑗𝑗, 𝑚𝑚)) and that its importation results in establishment 
of the infection (𝑃𝑃𝑒𝑒𝑒𝑒_𝑒𝑒𝑒𝑒𝑖𝑖 (𝑗𝑗, 𝑚𝑚)): 

𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚) = 1 − (1 − 𝑃𝑃𝑒𝑒𝑒𝑒_𝑟𝑟𝑒𝑒𝑟𝑟(𝑗𝑗, 𝑚𝑚)  ×  𝑃𝑃𝑒𝑒𝑒𝑒_𝑒𝑒𝑒𝑒𝑖𝑖 (𝑗𝑗, 𝑚𝑚))𝑁𝑁𝑒𝑒𝑒𝑒𝑗𝑗,𝑚𝑚 
    (1) 

where 𝑁𝑁𝑁𝑁𝑁𝑁𝑗𝑗,𝑚𝑚is the number of imported horses in month m and region j. 
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Table 4: Categorization of countries by risk regions and sanitary regime. The countries 
belonging to the different risk regions are given in the supplementary information. 
Sanitary regimes are rigorous with quarantine, two sequential ELISA tests and clinical 
inspection, normal with quarantine and clinical inspection and easy with clinical inspection 
48 hours prior to transportation 

Risk 
regions Description 

Sanitary Regime 

Rigorous Normal Easy 

High risk 
(Hrisk) 

EEV considered as 
endemic 

Sub 
Saharan 

Africa 
Israel 

 

Low risk 

(Lrisk) 

No EEV history, but 
favourable climate or 

proven presence of the 
main vector (C. imicola 
and C. bolitinos) in part 

of the country. 

 

North Africa, 
Western, 

Central and 
Southern Asia 

Mediterranean 
Europe 

Very low 
risk (Vlrisk) 

No EEV history, 
absence of the main 
vector or presence 

very unlikely according 
to climate 

  

Northern and 
Eastern Europe, 

Americas, 
Oceania, South-

Eastern Asia 

 

The probability of EEV introduction via an infected vector 𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚)  in month 
m from region j is calculated as the probability that at least one of the vectors 
travelling with imported ruminants is infected 𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑟𝑟𝑣𝑣𝑟𝑟(𝑗𝑗, 𝑚𝑚) and that its 
importation results in establishment of the infection 𝑃𝑃𝑣𝑣𝑒𝑒𝑖𝑖𝑣𝑣𝑒𝑒(𝑗𝑗, 𝑚𝑚): 

𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚) = 1 − ( 1 − 𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑟𝑟𝑣𝑣𝑟𝑟(𝑗𝑗, 𝑚𝑚) ×  𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑣𝑣𝑒𝑒𝑖𝑖(𝑗𝑗, 𝑚𝑚))
𝑉𝑉𝑚𝑚,𝑗𝑗

  (2) 

where 𝑉𝑉𝑚𝑚,𝑗𝑗 is the number of vectors imported on ruminants (i.e. number of 
imported ruminants, as we assume one vector per ruminant). 

 

The annual probability of EEV introduction into The Netherlands (𝑃𝑃𝐸𝐸𝐸𝐸𝑉𝑉 ) by either 
pathway was calculated as:  

𝑃𝑃𝐸𝐸𝐸𝐸𝑉𝑉 = 1 − ∏ ∏ ((1 − 𝑃𝑃𝑣𝑣𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚)) × (1 − 𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚)))12
𝑚𝑚=1

5
𝑗𝑗=1   (3) 
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2. Probability of release  

The probability of release depends on the number of vectors or equines 
transported along the pathway and the probability of being infected when 
entering The Netherlands. The number of vectors or equines and the probability 
of being infected when entering The Netherlands depend on the source region 
with its specific epidemic situation and sanitary regimes.  

 EEV release by importation of an infected equine  2.1.

The probability of release by one single infected equine (𝑃𝑃𝑒𝑒𝑞𝑞𝑟𝑟𝑟𝑟𝑟𝑟(𝑗𝑗, 𝑚𝑚)) 
originating from region j in month m is the product of the probability that the 
imported equine is infected with EEV at the moment of embarkation (𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚)), 
the probability that the imported equine is still incubating or viraemic at the 
moment of importation 𝑃𝑃𝑣𝑣𝑖𝑖𝑣𝑣 , and the probability that the infected horse is not 
detected by sanitary regime (1 − 𝑃𝑃𝑑𝑑𝑒𝑒𝑑𝑑).   

The probability of release is different for equines infected at different periods 
of the high-risk period (𝑇𝑇𝑣𝑣𝑖𝑖𝑟𝑟𝑟𝑟) for the acquisition of the infection due to the length 
until embarkation and detection and prevention measures. These periods of  𝑇𝑇𝑣𝑣𝑖𝑖𝑟𝑟𝑟𝑟  
are the pre-importation period (𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖), the quarantine period (𝑞𝑞), and the 
periods before, between and after clinical inspection (𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖) or two subsequent 
ELISA tests (ELISA1 and ELISA2) (Figure 13). Embarkation time 𝑒𝑒 was arbitrarily set 
at the 12th day of each month (de Vos, et al., 2012; Faverjon, et al., 2015). 

We assume equal probability of EEV infection for each day in each time period 
of 𝑇𝑇𝑣𝑣𝑖𝑖𝑟𝑟𝑟𝑟  by using uniform distribution for infection time. The overall probability of 
release is the weighted sum of the probabilities of release for each period of 𝑇𝑇𝑣𝑣𝑖𝑖𝑟𝑟𝑟𝑟. 
For example we show the equation for the most elaborate importation process in 
a rigorous regime with 𝑃𝑃’s indicating the probability of release when infected in a 
certain time period, 𝑞𝑞 being the length of quarantine, 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 and 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 
indicating time since start of quarantine and testing with ELISA, and 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖 being 
the time of clinical inspection and 𝑒𝑒 the moment of embarkation: 

 𝑃𝑃𝑣𝑣𝑒𝑒𝑙𝑙𝑟𝑟𝑒𝑒 = 𝑃𝑃𝑒𝑒 
𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟−𝑞𝑞 + 𝑃𝑃𝑒𝑒−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 + 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1− 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 +

𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2−𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖 

𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 +
𝑃𝑃𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝑟𝑟

𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝑒𝑒            (4) 

The probability of release for each period depends on 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖, (1 − 𝑃𝑃𝑑𝑑𝑒𝑒𝑑𝑑), and 
𝑃𝑃𝑣𝑣𝑖𝑖𝑣𝑣. Infection probabilities vary by month because of seasonal variations in EEV 
incidence in source countries. Preventive measures, such as vector-control, will 
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reduce the probability of being infected at the moment of embarkation. The 
probability of release for each period x during 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is than the product of the 
probability of infection during that month, the probability of still being viraemic 
and the probability of not being detected:  

𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑒𝑒 
(𝑗𝑗, 𝑚𝑚, 𝑥𝑥) = 𝑃𝑃𝑟𝑟𝑖𝑖𝑖𝑖(𝑗𝑗, 𝑚𝑚) × 𝑃𝑃𝑣𝑣𝑟𝑟𝑟𝑟(𝑥𝑥) × (1 − 𝑃𝑃𝑑𝑑𝑟𝑟𝑑𝑑(𝑥𝑥))                 (5) 

For high risk regions 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  was considered to start 30 days prior to the 
importation procedures, thus its total length equals 30 plus the length of the 
quarantine period. This period is assumed because most equines will seroconvert 
within 30 days (Mildenburg et al, 2009), and it is the same assumption as de Vos 
et al. (2012) making it comparable to the outcomes for AHS. For very low and low 
risk regions it is assumed that the second infected horse will be detected and the 
high risk period ends, because a known infection is occurring in this country. The 
risk of introduction in that situation is outside the scope of this risk assessment. 
This period is calculated as two times the incubation period of horses plus the 
extrinsic incubation period of vector, which is approximately the same length or 
longer than the assumed high risk period for endemic high risk regions.  

 

 
Figure 13: Timeline of events defining the high risk period for EE detection during 
importation procedure. TR-F = time between transport and arrival in free area, ELISA1 and 
ELISA2 = ELISA test times, Cinsp = time of clinical inspection, e = moment of inspection 
Source: Adjusted from De Vos et al., 2012 

 

The probability of an equine acquiring infection during 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  differs per risk 
region and depends on the probability of EEV occurrence in each month (𝑃𝑃𝑂𝑂𝑚𝑚) 
and the monthly cumulative incidence of the infection (𝐶𝐶𝐼𝐼𝑚𝑚 ). For very low and 
low risk regions 𝑃𝑃𝑂𝑂𝑚𝑚 was estimated using outbreak reports (Mildenburg et al, 
2009) whereas for high risk countries, which are assumed to be endemic, the 𝑃𝑃𝑂𝑂𝑚𝑚 
was set to 1. 𝐶𝐶𝐼𝐼𝑚𝑚 was estimated using data from endemic areas (Lord et al. 2002, 
Aharonson-Raz et al.2012 ). For if quarantine (𝑞𝑞) is applied before exportation of 
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the equine, vector control will result in a reduction of the probability of acquiring 
the infection during the quarantine period (𝑉𝑉𝑞𝑞).  

Non-viraemic equines were considered to be not infectious. The probability of 
release is, therefore, determined by the probability of being viraemic, when 
arriving in the free area (𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣). 𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣 results from the length of incubation period in 
days (𝐼𝐼𝐼𝐼), length of viraemic period in days (𝑉𝑉𝑉𝑉𝑉𝑉), and the duration of 
transportation (𝑇𝑇𝑅𝑅𝑅𝑅),and the moment of infection.  

Detection depends on the applied tests. For ELISA testing the probability of 
being detected by the first or second ELISA-test 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴1 and 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐴𝐴2 were 
calculated assuming that only seroconverted animals can be detected, hence the 
time between infection and seroconversion (𝑇𝑇𝑠𝑠𝑠𝑠𝑣𝑣𝑠𝑠 ), the sensitivity (𝑆𝑆𝑆𝑆) of the 
ELISA test was taken into account. In the calculation of probability of detection by 
clinical inspection 𝑃𝑃𝑐𝑐𝑐𝑐𝑣𝑣𝑐𝑐 the length of 𝐼𝐼𝐼𝐼, 𝑉𝑉𝑉𝑉𝑉𝑉, and the sensitivity of clinical 
inspection (𝑆𝑆𝑆𝑆𝑐𝑐𝑐𝑐𝑣𝑣𝑐𝑐), which was assumed to be 1 if the equine showed symptoms 
with a probability of 0.05, based on mortality rates (Aharonson-Raz et al., 2011). 
Except for this one observation, little is known about the incidence of disease, but 
varying the parameter within plausible range did not change the outcomes.  

 EEV release by infected Culicoides spp.  2.2.

The probability of EEV release by pathway PWvector from region j in month m 
(𝑃𝑃𝑣𝑣𝑠𝑠𝑐𝑐𝑣𝑣𝑠𝑠𝑐𝑐(𝑗𝑗, 𝑚𝑚)) was calculated taking into account the probability of disease 
occurrence in region j and month m (𝑃𝑃𝑃𝑃𝑗𝑗,𝑚𝑚), the proportion of infected vectors in 
month “m” and region “j” (𝑅𝑅𝑅𝑅𝑣𝑣𝑐𝑐𝑖𝑖,𝑚𝑚,𝑗𝑗,), the probability that the infected vector is 
transported from risk regions to a free EEV area (F area) (𝑃𝑃𝑡𝑡𝑣𝑣𝑡𝑡𝑐𝑐𝑠𝑠𝑅𝑅𝑅𝑅), and finally  
the survival probability of the vector to survive until reaching the free area (i.e. 
The Netherlands) 𝑃𝑃𝑠𝑠𝑠𝑠𝑣𝑣𝑣𝑣𝑅𝑅𝑅𝑅,𝑚𝑚. 

In the default assessment (i.e. not the what-If scenarios) we assume that only 
infected vectors transported with non-susceptible hosts (i.e. ruminants) 
contribute to the introduction of EEV. Imports of ruminants are only allowed from 
FMD free countries, which results in no imports from high risk regions.  

 
Transport on susceptible (equine) hosts might result in infection of the host 

and we assume that all infections occur prior to embarkation and no infected 
vectors are shipped with equines. To our knowledge there are no reports of 
infections or vectors on equines during transport. The effect of this assumption 
was tested in the what-if scenarios, where we included the possibility of vectors 
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being transported with equines in the pathway of infected vectors. In the 
calculation one infected vector per imported animal was assumed as by Faverjon, 
et al.(2015).  

3. Probability of establishment of EEV 

After release of EEV into The Netherlands, the establishment and spread of 
the disease will only occur if local Culicoides spp. are able to transmit the virus to 
a local susceptible host (de Vos, et al., 2012; Faverjon, et al., 2015). Therefore, the 
probability of establishment of EEV is defined as the probability that at least one 
transmission has taken place from an indigenous vector to an indigenous host or 
vice versa (Figure 12).  The probability of establishment thus depends on the 
initial local spread of the disease (reproduction number), which is reported 
separately. In the model, we assume that local vectors equally efficient in 
transmitting EEV as vectors from endemic areas. 

 

The reproduction number (Rm) is calculated as the number of newly infected hosts 
by one infected host for the conditions of month m: 

𝑅𝑅𝑚𝑚 = 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ×𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑖𝑖× 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖𝑚𝑚
 𝑅𝑅𝑠𝑠𝑟𝑟+1 × Nvm        (6) 

Where 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑣𝑣 is the probability that a local vector gets infected after feeding 
on an infectious equine and 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑣𝑣ℎ  is the probability that an equine is infected 
after having been bitten by an infected vector, 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑣𝑣𝑚𝑚+1 is the probability that 
this vector survives until  the first next blood meal after completing the extrinsic 
incubation period (𝐸𝐸𝐸𝐸𝑃𝑃), which further depends on the length of the gonotrophic 
cycle and the mortality rate, which are all temperature dependent (Gubbins, et 
al., 2008).  

 

The ratio 1
 𝑅𝑅𝑠𝑠𝑟𝑟+1 is the probability that the infectious vector bites a susceptible host 

instead of a non-susceptible host, based on the ruminant-equine ratio (𝑅𝑅𝑠𝑠𝑟𝑟), 
where an equal preference of midges for ruminants and equines is assumed, and 
Nvm is the number of vectors in The Netherlands feeding on one equine during its 
entire viraemic period (Meiswinkel et al., 2004; Wilson and Mellor, 2009; De Vos 
et al., 2012). 
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 Establishment of EEV when released by an infected equine 3.1.

The probability of establishment for PWequine per risk region j and month m 
(𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗, 𝑚𝑚)) is defined as the probability that at least one indigenous equine is 
infected by the imported infected equine via an indigenous vector. The probability 
of establishment of EEV after its release into The Netherlands via importation of 
an infected equine was calculated assuming a binomial process (De Vos et al., 
2012): 

𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗, 𝑚𝑚) =  1 − (1 −   𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ×𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑖𝑖× 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖𝑚𝑚+1
 𝑅𝑅𝑠𝑠𝑟𝑟+1  )

Nvm                   (7) 

Nvm is the number of vectors in The Netherlands feeding on one equine 
during its entire viraemic period and is calculated as (De Vos et al., 2012): 

Nvm =  NveF,m  ×  Vir ×  1
G tmF

                          (8)  

Where, 𝑁𝑁𝑁𝑁𝑁𝑁𝐹𝐹,𝑚𝑚 is the daily number of vectors per equine in each month, 𝑉𝑉𝑉𝑉𝑉𝑉 
is the length of viraemic period, and 𝐺𝐺tmF is the length of the gonotrophic cycle of 
the vector dependent on the temperature month m.  

 Establishment when released by an infected vector 3.2.

The probability of establishment for the vector pathway per risk region j in a 
month m (𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗, 𝑚𝑚)) is defined as the probability that at least one local vector 
is infected by feeding on a local equine that in its turn acquired its infection from 
the imported infected vector.The probability of establishment of EEV after its 
release into The Netherlands via importation of an infected vector was calculated 
assuming a binomial process (Faverjon, et al., 2015):  

𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗, 𝑚𝑚) =  𝑃𝑃𝑒𝑒𝑒𝑒𝐹𝐹,𝑚𝑚  ×   𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ
 𝑅𝑅𝑠𝑠𝑟𝑟+1  ×  (1 − (1 −   𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ×𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑖𝑖× 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑖𝑖𝑚𝑚+1

 𝑅𝑅𝑠𝑠𝑟𝑟+1  )
Nvm ) (9)    

where,  𝑃𝑃𝑒𝑒𝑒𝑒𝐹𝐹,𝑚𝑚 is the probability that the imported infected vector survives in The 
Netherlands until its next blood meal and completes the EIP given the 
temperature in month m. Implicitly, we assume that an infected imported vector 
will at most infect one local equine (de Vos, et al., 2012; Faverjon, et al., 2015). 
Establishment of EEV after importation of an infected vector is, thus, more 
difficult, because it requires the imported vector to survive until the first blood 
meal after completing the EIP. 



 

79 

 

4. Input  

 Importations of equines and ruminants 4.1.

The importation data were derived by combining several publically available 
sources, because none of these sources alone could be used for these data.  

The total annual number of equines (horses, donkey, mules and hinnies) and 
ruminants (cattle, goats and sheep) imported from each risk region was obtained 
from Statistics Netherlands over the period 2008 – 2012 (CBS, 2014).  No 
information was available on monthly importations. From the statistical office of 
the European Union (EUROSTAT) we obtained monthly import volumes per 
kilogram (and thus not number of animals). The monthly number of imports was 
therefore estimated by combining the data of total number of importation per 
country per year (CBS, 2014) and volume of imports per month in the period 1999 
– 2008 (Eurostat, 2008) . 

Next to regular importations of equines we considered two groups of equines 
participating in equestrian events: horses owned and housed in The Netherlands 
that participate in equestrian events outside The Netherlands and horses owned 
and housed outside The Netherlands that participate in in equestrian events in 
The Netherlands. These data are not available from CBS and Eurostat databases 
and were therefore derived from the Royal Dutch Equestrian Federation (KNHS, 
2010).  

In the model calculations, the number of imported animals from risk region j 
in month m (𝑁𝑁𝑗𝑗,𝑚𝑚) was simulated assuming a Poisson process, with a conservative 
estimate of lambda (Vose, 1997; De Vos et al., 2012): 

𝑁𝑁𝑗𝑗,𝑚𝑚 =  ∑ 𝑁𝑁𝑗𝑗,𝑚𝑚,𝑦𝑦+1𝑛𝑛
𝑦𝑦=1

𝑛𝑛                (10) 

where 𝑁𝑁𝑗𝑗,𝑚𝑚,𝑦𝑦  is the number of imported animal from risk region j in month m 
in year y, and n is the number of years with importation data available.  

When few animals were imported from risk region j, the monthly estimation 
was calculated as 1/12 x average annual number of imported animals to avoid an 
overestimation of the total number of animals imported (de Vos, et al., 2012).  

An overview of average annual equine and ruminant importations into The 
Netherlands is given in Table 5. Details on monthly importation data are given in 
Appendix Table 1. 
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 Vector population 4.2.

The monthly number of Culicoides per host (𝑁𝑁𝑁𝑁𝑒𝑒𝐹𝐹,𝑚𝑚) was estimated using 
seasonal data of Culicoides abundance in The Netherlands based on trap 
collections from 2007 (Meiswinkel et al,  2014) (Appendix Figure 2). In the model 
calculations, the number of vectors per host was simulated using a truncated 
normal distribution with average monthly values of Culicoides collected per trap 
and their standard deviations as  and , and the minimum and maximum values  
observed as lower and upper bounds of the distribution.  

 Biological parameters 4.3.

Host parameters included in the model were the mortality rate of infected 
equines (𝑀𝑀𝑀𝑀), the length of the incubating period (𝐼𝐼𝐼𝐼), the length of the viraemic 
period (𝑉𝑉𝑉𝑉𝑉𝑉) and the time period in days between infection and seroconversion 
(𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠).  𝑀𝑀𝑀𝑀 was fixed to a value of 0.05 for all equines (DEFRA, 2009; Aharonson-
Raz et al., 2011).  𝐼𝐼𝐼𝐼 was modelled as a Pert (2,4,6) distribution based on AHSV 
(DEFRA, 2009; De Vos et al., 2012). 𝑉𝑉𝑉𝑉𝑉𝑉 was modelled as a Pert (7,19,30) 
distribution based on length of illness reported in horses during the EEV outbreak 
in Israel (Mildenberg et al., 2009). No information on 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 was available and it 
was therefore modelled as a Uniform (𝐼𝐼𝐼𝐼, 𝑉𝑉𝑉𝑉𝑉𝑉) distribution which results in an on 
average seroconversion 11.5  days after infection. 

Vector parameters included in the model were the mortality rate of the vector 
(𝜇𝜇𝑚𝑚), the length of the gonotrophic cycle (𝐺𝐺𝑡𝑡𝑚𝑚𝐹𝐹), the length of the extrinsic 
incubation period (𝐸𝐸𝐼𝐼𝑃𝑃𝑚𝑚), the number of Culicoides per host (𝑁𝑁𝑁𝑁𝑒𝑒𝐹𝐹,𝑚𝑚), and the 
fraction of the vector population infected during an outbreak ( 𝑀𝑀𝑁𝑁𝑖𝑖𝑖𝑖𝑖𝑖,𝑚𝑚 ). All 
parameters are temperature dependent and vary per season and were therefore 
calculated on a monthly basis. Vector parameters  𝑁𝑁𝑁𝑁𝑒𝑒𝐹𝐹,𝑚𝑚, 𝜇𝜇𝑚𝑚 , 𝐺𝐺𝑡𝑡𝑚𝑚𝐹𝐹 and 𝐸𝐸𝐼𝐼𝑃𝑃𝑚𝑚 
are temperature-dependent and vary over seasons. Monthly average temperature 
values from De Bilt, The Netherlands, from 1979-2013 were used to simulate 
monthly temperatures in the model (𝑇𝑇𝑚𝑚) (KNMI, 2014). Temperature values were 
simulated as a truncated normal distribution with average monthly values and 
their standard deviations as  and , and the 1st and 99th percentile of the 
observed values as lower and upper bounds of the distribution (Appendix Figure 
1). 

Calculations of the mortality rate of the vector (𝜇𝜇𝑚𝑚) assumed an exponential 
increase with temperature (Wittmann et al., 2002; Backer and Nodelijk, 2011).  
The length of the gonotrophic cycle (𝐺𝐺𝑡𝑡𝑚𝑚𝐹𝐹) and the length of the extrinsic 



 

81 

 

incubation period (𝐸𝐸𝐸𝐸𝑃𝑃𝑚𝑚) decrease with higher temperatures (Wittman et al., 
2002).  

At temperatures below 9.6 °C vector activity was assumed to arrest, and 
establishment and local initial spread of EEV does not occur (De Vos et al., 2012).  

The ratio of ruminants to equines in The Netherlands (𝑅𝑅𝑟𝑟𝑟𝑟) was calculated 
based on reports of the number of ruminants in The Netherlands, which is 12 
times the number of horses (5.5 x 106 ruminants against 4.5 x 105 horses) (Mourits 
and Saatkamp, 2010 from De Vos et al., 2012). The 𝑅𝑅𝑅𝑅𝑅𝑅 was simulated by a 
Uniform (0, 12) distribution (de Vos, et al., 2012), the lower bound representing 
the situation in which equines and ruminants do not mix, and the upper bound 
the situation that all ruminants and equines in The Netherlands are perfectly 
mixed. 

 

 
Table 5: Estimated annual number of equines and ruminant importation from risk regions 
into The Netherlands. Sources: CBS, 2014, Eurostat, 2014, De Vos et al. 2012 

Imported animals High risk 
region 

Low risk 
regions 

Very low 
risk regions Total 

Number of imported equines from 
regions with rigorous sanitary regime 5.4 - - 5.4 

Number of imported equines from 
regions with normal sanitary regime 0.4 150.6 - 150.9 

Number of imported equines from 
regions with easy sanitary regime - 518.5 6709.0 7227.5 

Number of “foreign” horses 
participating in equestrian events in 

The Netherlands 
23.9 1742.0 4414.6 6180.4 

Number of “Dutch” horses 
participating in equestrian events 

outside The Netherlands 
2.0 1199.6 4739.6 5941.2 

Number of ruminants - 42806.8 20122.5 62929.3 

Total 31.6 46417.5 15863.2 82434.8 
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The probability that an equine is infected when bitten by an infected vector 
(𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ) was modelled by a Beta (6, 2) distribution with a mean value of 0.75 
based on an experiment with BTV (Baylis et al., 2008). The probability that a 
competent vector after feeding on an infectious equine gets infected (𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑖𝑖 ) was 
modelled by a Beta (1.05, 39.6) distribution with a mean value of 0.04 based on 
experiments with Culicoides and AHSV (Paweska et al., 2003; Venter and Paweska, 
2007).  

 Risk regions 4.4.

The probability of disease occurrence (𝑃𝑃𝑂𝑂ℎ𝑖𝑖𝑖𝑖ℎ𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 ) varies according to risk 
regions. High risk regions are endemic region, thus 𝑃𝑃𝑂𝑂ℎ𝑖𝑖𝑖𝑖ℎ𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 was set to 1. In low 
and very low risk regions 𝑃𝑃𝑂𝑂ℎ𝑖𝑖𝑖𝑖ℎ𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 was estimated based on EEV epidemic events 
reported. 

One outbreak in a new area (i.e. Israel) was observed in 47 years since the first 
outbreak. EEV was likely to be circulating for seven years at the moment of 
detection (Wescott et al., 2013), therefore the probability of an undetected 
outbreak during the risk period, 𝑃𝑃𝑂𝑂𝑙𝑙𝑙𝑙𝑙𝑙𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟,𝑚𝑚 for low risk regions was modelled as 
a Gamma [𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟  *7 , 1/(47 x 365)] distribution where 𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟  is the length of the risk 
period in days. For very low risk regions we assume that the risk based on at least 
47 free year and thus with Gamma [𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 , 1/(48 x 365)]. In the low and very low 
risk regions, we assume that outbreaks are not possible between January and July 
based on AHS in Portugal and Spain (Rodriguez et al., 1992; Mellor, 1993). 

The monthly cumulative incidence (𝐶𝐶𝐼𝐼𝑚𝑚 ) was based on force of infection 
calculated for different regions of South Africa based on the age distribution of 
seroprevalence (Lord et al., 2002). The monthly cumulative incidence (𝐶𝐶𝐼𝐼𝑚𝑚) was 
derived by dividing the yearly cumulative incidence by 12. For high risk regions, 
the yearly cumulative incidence rate chosen was 35% which is approximately the 
average between the rate in a high incidence area in South Africa (Lord et al., 
2002) and between summer 2010 and spring 2011 in Israel (Aharonson-Raz et al. 
2012). For low and very low risk regions, we base our estimate as De Vos et al. 
(2012) on the outbreak of AHS in Portugal and Spain, but take into account that 
the force-of-infection of EEV is 2.5 to 3.0 times higher (Lord et al, 2002). The 
average yearly cumulative incidence rate for low and very low risk countries was 
thus 5·10-4 -6·10-4. 

The fraction of the vector population which is infected ( 𝑅𝑅𝑅𝑅𝑖𝑖𝑖𝑖𝑖𝑖,𝑚𝑚 ) during an 
outbreak in a month m was simulated as a Uniform (0.014, 0.015) distribution, 
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which corresponds to 0.5% AHSV prevalence in wild-caught vectors (Venter et al., 
1999) times 2.5 to 3.0, which is the difference in force-of-infection between AHS 
and EEV in South Africa (Lord et al. 2002). 

 Sanitary regimes and transportation time 4.5.

During quarantine in high risk regions, vector control is applied according to 
EU legislation 2009/156/EC and 90/425/EC. Vector control (𝑉𝑉𝑞𝑞 ) was assumed to 
give a 50 – 90% reduction of the probability of infection during quarantine (De Vos 
et al., 2012; Faverjon et al., 2015), and hence 𝑉𝑉𝑞𝑞  was modelled with a Uniform 
(0.5, 0.9) distribution. The ELISA for EEV has 99% sensitivity (𝑆𝑆𝑆𝑆) was modelled 
with a Uniform (0.98,1.00) distribution and no cross-reaction and with other 
Orbiviruses such as AHSV and BTV (Crafford et al., 2003; Crafford et al., 2011). The 
sensitivity of clinical inspection depends on presentation of clinical signs. Since 
EEV infection in most equines does not result in clinical disease, the sensitivity of 
clinical inspection (𝑆𝑆𝑆𝑆𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) was set at 0.05, which is equal to the disease induced 
mortality rate (𝑀𝑀𝑀𝑀). Transportation time of equines imported from high risk and 
low risk regions outside Europe was set to 1 day assuming transportation by plane 
(𝑇𝑇𝑅𝑅𝑅𝑅 ). Transportation time of equines imported from very low risk regions outside 
Europe, was modelled with a Uniform (1,2) distribution, assuming that 
transportation by plane will take 1 to 2 days. Transportation time of equines 
imported from EU-countries was modelled with a Uniform (1,3) distribution, 
assuming that transportation could either be by plane or over land depending on 
geographical distance (Faverjon et al., 2015). 

5. Sensitivity analysis  

Sensitivity analysis was performed to evaluate the impact of uncertain and 
variable parameters on the annual median probability of EEV introduction (𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸) 
using the sensitivity analysis tool in @Risk. The Spearman rank correlation test 
was used, which has the advantage that it is a non-parametric test. Correlations 
less than 0.05 were disregarded in the plots.  

6. What-if scenarios 

Seven what-if scenarios were used to evaluate the impact of sanitary 
measures and changes in numbers of equines imported on the annual probability 
of EEV introduction into The Netherlands. In each scenario one parameter was 
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changed and all others kept constant. Output values of 𝑃𝑃𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖 of the 
what-if scenarios were compared to those of the default scenario. 
Four scenarios were related to sanitary measures applied during importation 
procedures: a longer and shorter quarantine period, no use of ELISA testing, and 
regime quarantine for all equines originating from low risk and very low risk 
regions. Two scenarios were related to the number of equines imported: a two-
fold increase of equines imported and no cross-boundary movements of horses 
participating in equestrian events.  In addition, one scenario simulated the effect 
of importing infected vectors along with both ruminants and equines.  

 

C. RESULTS 

1. Probability of release 

The median annual probability of release (𝑃𝑃𝑟𝑟𝑒𝑒_𝑟𝑟𝑟𝑟𝑟𝑟) by infected equines was 
0.027 (90% uncertainty interval 0.011 – 0.046). EEV release by infected equines 
imported into The Netherlands is thus expected approximately every 37 years.  
Monthly median probability of release ranges from 0.0005 in February to 0.0033 
in November (Figure 14 A). 

EEV release by infected vectors introduced into The Netherlands is very 
unlikely with a median annual probability of release (𝑃𝑃𝑣𝑣𝑟𝑟𝑣𝑣_𝑟𝑟𝑟𝑟𝑟𝑟) by infected vectors 
of 0.0009 (0.0003-0.0020). EEV release by infected vectors introduced into The 
Netherlands is very unlikely. Monthly median probability of release ranges from 
3.5 10-6 before June to 1.5 10-4 after June (Figure 14 B).  

For both pathways, the low estimate of the probability of release for the first 
half of the year results from the assumption that outbreaks in very low and low 
risk areas do not occur before July due to low temperatures. Further fluctuations 
are due to monthly variations in the importations of equines and ruminants 
(Appendix Table 1), which are far more pronounced for equines than for 
ruminants in The Netherlands. 

Equine importations from different risk regions and sanitary regimes differ in 
their probability of EEV release. Equines originating from high risk regions posed 
the highest risk to The Netherlands, although this is a minority of the imported 
equines. Especially the horses from Israel pose a risk for release into the 
Netherlands. Equines entering The Netherlands or staying outside The 
Netherlands for equestrian events determine a substantial proportion (10% - 26%) 
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of the probability of EEV release depending on the risk region (Table 6). Very few 
importations of large animals from high risk regions were registered, resulting in a 
negligible risk of this region for the import of vectors.  

 

 

 

 
Figure 14: Monthly probability of release of EEV. Black line indicates the median  and the 
gray lines depict the 5% and 95% quantile of the simulations. A: Probability of release by 
infected equines. B: Probability of release by infected vectors. 
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2. Probability of establishment  

The median monthly probability of EEV establishment into The Netherlands 
given a release of an infected equine (𝑃𝑃𝑒𝑒𝑒𝑒_𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗,𝑚𝑚) ) peaks at 0.95 in August. 
Between November and April establishment is not expected to occur, because 
temperatures are too low. The monthly median probability of EEV establishment 
by PWvector (𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗,𝑚𝑚)) also peaked during the summer with 0.17 in July. The 
large difference in the probability of establishment between both pathways is 
explained by the low probability of survival of the imported vector during 
transport to and the establishment phase The Netherlands. 

The probability of establishment for an infected vector 𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗,𝑚𝑚) varies 
between high and low risk regions due to the length transportation time (e.g., in 
July, the median value of 𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑒𝑒𝑒𝑒𝑒𝑒(𝑗𝑗,𝑚𝑚) equals 0.10 for high risk regions and 0.08 
for low risk regions).  

Establishment is possible if the reproduction number is higher than one. Only 
in the period June-September, prolonged spread is possible, because the 
threshold value of 1 is exceeded in the period from June (𝑅𝑅𝑚𝑚  =3.1) to September 
(𝑅𝑅𝑚𝑚  =6.2), with a maximum value in July  (𝑅𝑅𝑚𝑚  = 7.6). The magnitude indicates the 
potential local spread after establishment. Large uncertainty for reproduction 
numbers was observed (Figure 15). 

3. Probability of EEV introduction into The Netherlands  

The median annual probability of EEV introduction into The Netherlands by 
either pathway (𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸) is 0.012 (0.002 – 0.020). The monthly median probability of 
introduction peaks in July. Introduction is very unlikely between October and May 
with a median probability less than 0.001. The probability of introduction via the 
pathway of infected equines (𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑒𝑒) contributes most to the 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸 with a median 
value of 0.012 (0.002 - 0.020), indicating an entry of EEV resulting in spread every 
83 years (50 - 500). 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑒𝑒 has a distinct seasonal pattern and peaks with 0.003 
(0.001 - 0.005) in July (Figure 16 A).  

The probability of introduction via infected vectors (𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑖𝑖𝑖𝑖𝑒𝑒) is much lower 
than 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑒𝑒 with a median value of 4.0 10-5 (5.3 10-6 – 2.0 10-4), indicating a very 
unlikely introduction by vectors. 𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑖𝑖𝑖𝑖𝑒𝑒 also has a seasonal pattern and peaks 
with 1.2 10-5 (1.4 10-6 – 6.5 10-5) in August  (Figure 16 B). Equestrian events with 
horses from high risk areas contribute most to 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸 with 61% of 𝑃𝑃𝑒𝑒𝑒𝑒 being 
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explained by these equines. Almost 9% is due to equine importations from EU 
member states by definition having an easy sanitary regime (Table 6). If we 
assume substantially higher cumulative incidences given an outbreak in low and 
very low countries, the role of low risk EU countries becomes almost half of the 
risk (see supplementary information). Second, very low risk countries were 
responsible for a marginal part of 𝑃𝑃𝑒𝑒𝑒𝑒, where again equine importations from EU 
member states with an easy sanitary regime contributed most. 
 
Table 6: Relative contribution of imported equine per risk region to the risk of median 
annual probability of EEV release and introduction into The Netherlands (NL) by the 
equine pathway.   

 
Equines  imports / 

year 
% Release 

probability 
% Introduction 

probability 
% 

High risk regions       

South Africa 
(rigorous regime) 

 5.37  17% 4.5E-03 10% 4.8E-04 9% 

Israel (normal 
regime) 

 0.36  1% 2.6E-02 58% 1.8E-04 3% 

Equestrian events 
inside NL 

 23.86  76% 7.3E-03 16% 4.6E-03 83% 

Equestrian events 
outside NL 

 2.00  6% 6.8E-03 15% 2.7E-04 5% 

Total (% of all 
regions) 

 31.59  0% 4.4E-02 99.8% 5.5E-03 74% 

Low risk regions       

Africa (rigorous 
regime) 

 150.57  4% 6.9E-06 11% 2.0E-05 1% 

EU-countries  
(easy regime) 

 518.54  14% 4.5E-05 70% 6.8E-04 51% 

Equestrian events 
inside NL 

 1,741.96  48% 6.3E-06 10% 3.5E-04 26% 

Equestrian events 
outside NL 

 1,199.62  33% 6.4E-06 10% 2.8E-04 21% 

Total (% of all 
regions) 

 3,610.69  19% 6.5E-05 0.1% 1.3E-03 18% 
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Equines  imports / 
year 

% Release 
probability 

% Introduction 
probability 

% 

Very low regions       

Non-EU countries  
(normal regime) 

963.52  6% 1.0E-06 25% 2.2E-05 3% 

EU-countries  
(easy regime) 

5,745.46  36% 1.0E-06 25% 2.5E-04 40% 

Equestrian events 
inside NL 

4,414.56  28% 1.1E-06 26% 1.7E-04 27% 

Equestrian events 
outside NL 

4,739.61  30% 1.1E-06 25% 1.9E-04 29% 

Total (% of all 
regions) 

15,863.15  81% 4.2E-06 0.0% 6.3E-04 8% 

Overall probability   2.7E-02  1.2E-02  

 

 

 
Figure 15 Seasonality of R values in the F area, which is at risk of introduction (i.e. The 
Netherlands) 
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Figure 16 Monthly probability of introduction of EEV. Black line indicates the median  and 
the gray lines depict the 5% and 95% quantile of the simulations. A: Probability of 
introduction by infected equines. B: Probability of introduction by infected vectors 

4. Sensitivity analysis 

Sensitivity analysis showed that the probability of EEV introduction by infected 
equines (𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖) is very sensitive to the effectiveness of vector control (𝑉𝑉𝑒𝑒), 
followed by the time until seroconversion (𝑇𝑇𝑠𝑠𝑒𝑒𝑠𝑠𝑠𝑠). Both parameters are related to 
control of the export of infected equines and thus to the probability of release. 
The probability of infection from host to vector (𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑣𝑣  ), followed by the length of 
the viraemic (𝑉𝑉𝑉𝑉𝑟𝑟ℎ) and the incubation period (𝐼𝐼𝑛𝑛ℎ) and the yearly cumulative 
incidence (𝐼𝐼𝐶𝐶𝑦𝑦) are important parameters. Other parameters for which 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖 is 
sensitive are mainly related to the establishment phase, such as transmission 
probabilities and the temperature (Figure 17 A).     
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Figure 17  Sensitivity of parameters determined by Spearmann rank correlation test. Dark 
grey bars depict parameters which only affect release and light grey those parameters 
affecting release. The shaded bars depict those parameters affecting both release and 
establishment probabilities. A: Pathway of introduction by infected equines. B: Pathway of 
introduction by infected vectors 

 

Sensitivity analysis showed that the probability of EEV introduction by infected 
vectors (𝑃𝑃𝑣𝑣𝑣𝑣𝑣𝑣_𝑖𝑖𝑖𝑖𝑖𝑖) is mostly sensitive to the ruminant-host ratio (𝑅𝑅𝑅𝑅𝑅𝑅), which is an 
important parameter in the establishment of the infection. On the other hand, the 
outcomes are sensitive to parameters that determine the survival of the vector 
until release, i.e. day of infection before embarkation (𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑣𝑣) and length of the 
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transport for high risk areas (𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡_𝐻𝐻) Also the transmission probabilities and 
temperatures determine the establishment, and the outcomes were sensitive to 
these parameters (Figure 17 B). 

5. What-if scenarios 

The number of equines entering The Netherlands by importation or through 
equestrian events, and the length of the quarantine period have a strong effect on 
the median 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑡𝑡 (Table 7).  

 

Table 7: Median values for the annual probability of EEV release (𝑃𝑃𝑡𝑡𝑒𝑒𝑟𝑟  ) and EEV 
introduction (𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑡𝑡  or 𝑃𝑃𝑡𝑡𝑒𝑒𝑣𝑣_𝑖𝑖𝑖𝑖𝑡𝑡) and for seven what-if scenarios and their relative change 
(%) compared with the default scenario.   
What-if scenarios 𝑷𝑷𝒓𝒓𝒓𝒓𝒓𝒓 Relative 

Change 
(%) 

𝑷𝑷𝒊𝒊𝒊𝒊𝒊𝒊𝒓𝒓𝒊𝒊 Relative 
Change 
(%) 

Pathway Equines     

Default  0.0267 

 

0.0118 

 Excluding horses participating in 
equestrian events 0.0062 -76.8% 0.0022 -81.0% 

20 day quarantine 0.0540 +102.3% 0.0244 +107.2% 

60 day quarantine 0.0182 -31.6% 0.0009 -92.1% 

No ELISA testing  0.1103 +313.6% 0.0499 +324.2% 

Quarantine for all equines 
imported from low and very low 
risk regions 0.0250 -6.3% 0.0113 -4.1% 

Two-fold increase in equine 
importations 0.0327 +22.5% 0.0140 +18.8% 

Pathway Vectors 

    Default  0.0009 

 

4.0 10-6 

 Infected vectors travelling on 
equines and ruminants 0.0013 +40.1% 0.0001 +42.4% 

+ denotes increase of probability, - denotes decrease of probability 
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Abandoning ELISA testing as control measure increased the median 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖  
and will highly increase the probability of introduction, while applying quarantine 
before importing equines from all low and very low risk regions can mitigate 
𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖  only marginal. Doubling the number of imported equines only raises 
𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖 with 18.8% (Table 7).  

Assuming that EEV-infected vectors would not only be imported along with 
ruminants but also with equines increased the median 𝑃𝑃𝑣𝑣𝑒𝑒𝑣𝑣_𝑖𝑖𝑖𝑖𝑖𝑖  substantially from 
0.0009 to 0.0013, but this is still much lower than 𝑃𝑃𝑒𝑒𝑒𝑒_𝑖𝑖𝑖𝑖𝑖𝑖 (Table 7). 

 

D. DISCUSSION  

This paper is the first to estimate the probability of introduction of equine 
encephalosis virus (EEV) into The Netherlands. Introduction of EEV into The 
Netherlands might occur every 83 (50 – 500.0) years. The pathway of importing 
infected equines contributed much more to this probability than the pathway of 
importing infected vectors. The annual probability of introduction by infected 
vectors imported on ruminants is very unlikely (0.0009 per year (0.0003-0.0020)).  

The introduction probability of EEV (𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸) is substantially higher than previous 
estimates for AHSV (less than once in 1000 years) for The Netherlands or France 
(de Vos, et al., 2012; Faverjon, et al., 2015). The much higher introduction 
probability of EEV than AHSV is explained by the mostly subclinical course of 
infection in equines and low case fatality rate (DEFRA, 2009) which is very 
different from AHS with disease in almost all infected horses with a case fatality 
rate varying from 70-95% (Mellor & Hamblin, 2004). Hence, EEV is less likely to be 
detected during quarantine or transport, and more equines will survive transport 
and arrival in The Netherlands.   

Furthermore, prevalence of infection in hosts and vectors is much higher for 
EEV than for AHSV in high risk areas (Howell et al., 2002; Howell et al., 2008). This 
results in a larger number of infectious hosts and vectors being transported to The 
Netherlands than for AHSV.  

The impact of an outbreak of EEV in The Netherlands is, however, expected to 
be less than for AHSV because of milder disease compared to AHS or even 
absence of clinical disease and a much lower case fatality rate (Mellor & Hamblin, 
2004). Control measures for EEV are also likely to be less rigorous than for AHSV 
although an outbreak of EEV might also result in trade bans. The consequences of 
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an EEV outbreak might thus be much smaller even given the high probability of 
such an outbreak. A formal impact assessment is, however, required to 
substantiate this statement.  

High risk regions contribute most to 𝑃𝑃𝐸𝐸𝐸𝐸𝑉𝑉 , due to horses attending equestrian 
events in the Netherlands. If however, we would assume higher cumulative 
incidence (0.075 and 0.055 instead of 0.0055) in an outbreak in low or very low 
risk countries, imports from these countries become more important 
contributions to the risk (see supplementary material). Countries neighbouring 
Israel, especially Lebanon and Jordan, were now categorized as low risk countries, 
but might be closer in risk to Israel although no EEV infection are reported. 
Therefore, it is of importance that also low and very low risk countries have good 
early warning system, such that after incursion The Netherlands and other 
countries can take measures. Currently, the almost absent measures in low risk 
regions will not mitigate the introduction to the Netherlands, and should be 
reconsidered. 

High risk countries (Africa and Israel) substantially contribute to the estimated 
𝑃𝑃𝐸𝐸𝐸𝐸𝑉𝑉, even with the small numbers of equines and rigorous sanitary regimes of 
the restrictions for imports from these countries. The major “leak” are the animals 
that attend to equestrian events, but also import equines do form 12% of the 
probability of introduction from high risk regions. This might be overestimated, 
because the cumulative incidence of South Africa was based on high endemic 
areas, while only horses from the Western Cape Export Region are allowed in 
which the cumulative incidence is thought to be lower. The cumulative incidence 
of EEV infections was lower than other regions of South Africa in the 1980’s, but in 
a smaller sample size in the 1990’s all 18 samples were positive in the Western 
Cape indicating a high cumulative incidence (Lord et al., 2002). Altering these 
sanitary regimes by removing ELISA testing or shortening the quarantine period 
showed to have substantial effect on the probability of introduction.  

In our model, we assumed that all high risk countries have a year round 
cycling of EEV. The contribution from high risk countries might be overestimated 
due to the asynchrony in vector-season between the southern and northern 
hemisphere.  

Low risk countries were assigned to this risk category (Figure 12 and Table 4) 
based on expected presence of competent vectors. Therefore, whole countries, 
such as France and Italy, were included. This results in an overestimation of the 
probability of introduction from these countries, which is already not very 
substantial. Furthermore, we included Mediterranean countries and Asian 
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countries, that do not have a proven presence of known EEV-vectors. These 
countries were expected based on climate to have either non-detected C. imicula 
or C. bolitinos populations, or be favourable because of their climate (Guichard et 
al. 2014), and close to the currently known presence of the vector. The effect of 
this assumption is deemed to be very small, because equine import from these 
countries is very little. 

The registered number of equines imports may differ from the real number, 
for instance illegal equine movements is always possible (Chevalier, et al., 2010; 
De Vos et al., 2012). The increase of 2-fold of equine importation from risk areas 
results in an increment of 18.8% the probability of EEV introduction. Thus, an 
accurate registration of equine movements of equines within the EU and from 
outside the EU other than import would improve the risk assessment and 
management of equine exotic diseases such as EE.  

One of the routes on which the data are scarce and control limited, are horses 
participating in equestrian events. The movements contribute highly to the risk of 
EEV incursion, given that the probability of release is mainly due to horses 
participating in equestrian events. The high risk posed by horses attending 
equestrian events is in accordance with the work on AHS by de Vos et al. (de Vos, 
et al., 2012). Horses participating in equestrian events are hence a critical point 
for controlling the probability of EEV introduction into The Netherlands, and thus 
preventive measure can be improved and applied on those in order to decrease 
the probability of EEV (and AHSV) introduction. Movements of horses 
participating in equestrian events are not registered, and therefore the numbers 
were based on estimates from data of equestrian events, which is likely to be an 
underestimation of movements.  

Introduction of EEV by vectors has a much lower probability than by infected 
equines. Basing these estimates on one vector per imported animals might either 
be an overestimation when on average less than one vector per host reaches the 
free area or as an underestimation, when vector leave the host during the 
transport (Faverjon et al, 2015). If EEV introduction by infected vector is possible 
by being transported together with an equine host, our result showed an increase 
of 42.4% in EEV introduction and an increment of 40.1% on EEV release. Still the 
median probability of introduction remains much smaller than that of the 
pathway of infected equines, though some uncertainty is present.  

Even when considering both introduction by equines and by vectors, we 
might, however, still miss other routes and without suggesting illegal practices,  
the route of introduction for BTV and Schmallenberg virus were never unravelled 
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(Mintiens, et al., 2008; Veldhuis, et al., 2013). Both Culicoides-borne viruses were 
able to cause an outbreak and establish in a large area. This risk assessment does 
not take into account the possible introduction of the disease by wind-blown or 
flying midges from neighbouring countries, which might play a role after 
establishment in these countries.  

Establishment of EEV requires the presence of one or more vector-species. We 
assumed all Culicoides species in The Netherlands to be competent vectors for 
EEV (as for AHSV in De Vos et al. 2012, Faverjon 2015). This assumption may lead 
to an overestimation of EEV establishment and spread in The Netherlands. The 
BTV and AHSV outbreaks in Europe have, however, shown that Culicoides species, 
previously unknown to be a vector, are likely to act as vectors for these 
Orbiviruses (Meiswinkel et al. 2008, Mellor et al. 1990, Takken et al. 2008). Vector 
competence might, however, differ between Culicoides species (Venter et al., 
1999) and within EEV serotypes (Paweska and Venter, 2004b; De Vos et al., 2012).  

Parameters in this study have degree of uncertainty or natural variation and 
vector parameters are strongly temperature-dependent which will determine the 
spread of the disease. This might change dramatically as a result of climate 
change, which has been described as a potential cause of global emerging of 
bluetongue (Maclachlan and Guthrie, 2010). Again this study showed that vector 
abundance plays an important role during establishment of a vector-borne 
disease and that uncertainty in this information determines the outcomes (Fischer 
et al, 2013, Faverjon et al 2015, Hartemink et al, 2009). The use of trap data to 
estimate the host-vector might not be as accurate as using landing-catches (Elbers 
& Meiswinkel, 2015), but are, however, often the only source of information. 
Therefore, we used a wide-uncertainty distribution around these parameter 
values. 

Recent study in the Netherlands shows that the attack rate of different 
Culicoides-species differ between a cow, shetland pony and an ewe. The cow was 
equally or more attractive in this study for the Culicoides-species, which would 
reduce the probability of establishment (Elbers & Meiswinkel, 2015). Additionally, 
a lack of information regarding the number of equines in The Netherlands and 
their location made an accurate estimation of the ratio between the equine host, 
and ruminants impossible. The presence of equines (highly competent host) and 
ruminants (incompetent host) at the same location would decrease the 
probability of disease transmission due to dilution effect (Schmidt and Ostfeld, 
2001; De Vos et al., 2012, Elbers & Meiswinkel, 2015). 
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The absolute outcomes of introduction risk assessments cannot be considered 
as true, because of large uncertainties in parameter values. The values are also 
not fixed, because parameters are not static and might change due to 
environmental conditions (e.g. temperature, husbandry practices), number of 
animal importations into The Netherlands and the presence of competent vectors 
(De Vos et al, 2012). Nevertheless, the outcome of these kind of risk assessments 
allow for comparison between regions, periods and different diseases. 
Furthermore, the assessment pinpoints the parameters with high impact and 
allows to form hypotheses on changes in practices, such as control strategies.  

 

E. CONCLUSIONS 

The probability of introducing EEV into The Netherlands is substantial and 
much higher than the probability of introducing AHSV with importations of 
equines from low risk countries in the EU contributing most. The import of 
infected equines is the most likely pathway. 

Generally speaking, high risk countries contribute most to the probability of 
introduction. Control measures before exportation of equines showed to have a 
strong mitigating effect on the probability of EEV introduction. The risk of EEV 
outbreaks should be taken into account when altering these import regulations. 
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H. APPENDIX 

1. Worldwide countries categorized according to risk regions.  

Appendix Table 1 Categorization of countries according to risk region. 

Risk Region Countries 

High Israel Israel 

 Africa South 
of Sahara 

Angola, Burkina Faso, Burundi, Benin, Cote d'Ivoire, 
Cameroon, Cape Verde, Chad, Cote d'Ivoire, Djibouti, Eritrea, 
Ethiopia, Gabon, Ghana, Gambia, Guinea, Guinea-Bissau, 
Kenya, Comoros, Liberia, Lesotho, Madagascar, Malawi, Mali, 
Mauritania, Mozambique, Namibia, Niger, Nigeria, Rwanda, 
Sierra Leone, Senegal, Somalia, Sudan, Swaziland, Togo, 
Tanzania, Uganda, South Africa, Zambia, Zimbabwe. 

Low North-Africa Algeria, Egypt, Libya, Morocco, Tunisia, Ceuta, Melilla 

 Western, 
Central and 
Southern 
Asia 

Afghanistan, Bangladesh, Bhutan, India, Iran, Maldives, 
Nepal, Pakistan, Sri Lanka, Armenia, Azerbaijan, Bahrain, 
Georgia, Iraq, Jordan, Kuwait, Lebanon, Oman, Qatar, Saudi 
Arabia, State of Palestine, Syrian Arab Republic, Turkey, 
United Arab Emirates, Yemen, Kyrgyzstan, Tajikistan, 
Turkmenistan, Uzbekistan 

 Mediterrane
an Europe 

Albania, Cyprus, Spain, France, Greece, Croatia, Italy, 
Portugal, Kosovo, Yugoslavia (until 1999), Montenegro, 
Serbia, FYR Macedonia, Bosnia and Herzegovina, Malta, 
Slovenia 

Very low  Northern 
and Eastern 
Europe 

Austria, Belgium, Bulgaria, Switzerland, Czech Republic, 
Germany, Denmark, Finland, United Kingdom, Hungary, 
Ireland, Luxembourg, Moldova, Norway, Romania, Sweden, 
Belarus, Estonia, Kazakhstan, Lithuania, Latvia, Poland, 
Russian Federation, Slovakia, Ukraine 

 Americas USA, Canada, Mexico, Belize, Costa Rica, El Salvador, 
Guatemala, Honduras, Nicaragua, Panama, Argentina, Bolivia, 
Brazil, Chile, Colombia, Ecuador, Guyana, Paraguay, Peru, 
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Surinam, Uruguay, Venezuela, French Guiana, Falkland 
Islands, Aruba, Curaçao, Sint Maarten, Trinidad & Tabago, 
Cuba, Dominican Republic, Haïti, Jamaica, Puerto Rico, 
Cayman Islands 

 Oceania Australia, New Zealand, Papua New Guinea, Micronesia, Fiji, 
Polynesia, Melanesia 

 South-
Eastern-Asia  

People's Republic of China, Hong Kong, Mongolia, Japan, 
Republic of South-Korea,  Democratic People’s Republic of 
Korea, Indonesia, Malaysia, Singapore, Thailand, Vietnam, 
Laos,  Cambodia, Myanmar, Brunei, East Timor, Philippines 

 

2. Glossary of abbreviations, parameter and variable names  and values 

Appendix Table 2 Generally used abbreviations and names of variables 
Abbreviation Description 

General abbreviations 

EE(V) Equine encephalosis Virus. 

AHSV African horse sickness Virus.  

PW Pathway 

R Risk area, with EEV history (endemic countries), where competent vectors 
are present. 

F Free area, without prior EEV history, where potential vectors are present. 

Hrisk High risk regions: EEV endemic countries or when the virus is reported to 
being freely circulating. 

Lrisk Low risk regions: Countries that have the main EEV vector (C. imicola and 
C. bolitinos) or have favourable conditions and probability for the 
occurence.  

VLrisk Very low risk regions: Countries without EE outbreaks  and no main vector 
present or potentially present. 



 

104 

 

Variables 

𝑷𝑷𝑬𝑬𝑬𝑬𝑬𝑬   Annual probability of EEV introduction into The Netherlands. 

𝑷𝑷𝒆𝒆𝒒𝒒𝒓𝒓𝒆𝒆𝒓𝒓(𝒋𝒋, 𝒎𝒎) Probability of EEV release by an imported equine from region j in month 
m 

𝑷𝑷𝒒𝒒  Probability of EEV release by an imported equine infected prior to 
quarantine 

𝑷𝑷𝒒𝒒−𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬  Probability of EEV release by an imported equine infected between start 
of quarantine and the first ELISA test 

𝑷𝑷𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬− 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬  Probability of EEV release by an imported equine infected between the 
first and second ELISA test 

𝑷𝑷𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬−𝑪𝑪𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊  Probability of EEV release by an imported equine infected between the 
second ELISA test and clinical inspection 

𝑷𝑷𝑪𝑪𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊−𝒆𝒆 Probability of EEV release by an imported equine infected between 
clinical inspection and embarkation 

𝑷𝑷𝒆𝒆𝒒𝒒 𝒆𝒆𝒊𝒊𝒆𝒆(𝒋𝒋, 𝒎𝒎) Probability of EEV establishment after release by an equine from region j 
in month m 

𝑷𝑷𝒆𝒆𝒒𝒒 𝒊𝒊𝒊𝒊𝒆𝒆(𝒋𝒋, 𝒎𝒎) Probability of EEV introduction by an imported equine from region j in 
month m 

𝑷𝑷𝒗𝒗𝒆𝒆𝒄𝒄𝒓𝒓𝒆𝒆𝒓𝒓(𝒋𝒋, 𝒎𝒎) Probability of EEV release by an imported vector from region j in month m 

𝑷𝑷𝒗𝒗𝒆𝒆𝒄𝒄𝒆𝒆𝒊𝒊𝒆𝒆(𝒋𝒋, 𝒎𝒎) Probability of EEV establishment after release by a vector from region j in 
month m 

𝑷𝑷𝒗𝒗𝒆𝒆𝒄𝒄 𝒊𝒊𝒊𝒊𝒆𝒆(𝒋𝒋, 𝒎𝒎) Probability of EEV introduction by an imported vector from region j in 
month m 

𝑹𝑹𝒎𝒎 Number of secondary infected local hosts resulting from a single 
infectious host (reproduction number) 

𝑷𝑷𝒊𝒊𝒔𝒔𝒓𝒓𝒗𝒗,𝒎𝒎+𝑬𝑬 

 

Probability that the infected vector is able to survive the EIP and 
complete a gonotropic cycle in month m 

𝑷𝑷𝒊𝒊𝒗𝒗𝒔𝒔 Probability that the infected imported vector survives the EIP and 
complete a gonotropic cycle in month m 
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Appendix Table 3 Parameters with default value and distribution used in simulations and 
sensitivity analyses. NA = not applicable for functions of other parameters, Fixed = 
constant parameter values 

 
Abbreviation Description Expected or fixed 

value 
Distribution 

Importation procedure 
𝒆𝒆 Day of embarkation  12th of month Fixed 
𝒒𝒒 Number of days in 

quarantine  
40 days Fixed 

𝑪𝑪𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 Clinical inspection before 
embarkation 

48 hours Fixed 

𝑪𝑪𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒆𝒆 Clinical inspection at day of 
embarkation 

0 hours Fixed 

𝑻𝑻𝑹𝑹𝑹𝑹  Transport time between R 
area and F area (day). 

High and low:  1 
Very low, non-
Europe:  1.5 
Very low, Europe:   2 

Fixed 
Uniform (1,2) 
Uniform(1,3) 

𝑺𝑺𝒆𝒆𝒄𝒄𝒄𝒄𝒊𝒊𝒊𝒊 Sensitivity of clinical 
inspection. 

0.05 Fixed 

𝑺𝑺𝒆𝒆 ELISA sensitivity. 1 Uniform(0.98, 1.00) 
𝑺𝑺𝒊𝒊 ELISA specificity.  1 Fixed 

𝑬𝑬𝒄𝒄𝒊𝒊𝒊𝒊𝑬𝑬𝟏𝟏 Days prior to transportation 
of 1st ELISA test 

35 Fixed 

𝑬𝑬𝒄𝒄𝒊𝒊𝒊𝒊𝑬𝑬𝟐𝟐 Days prior to transportation 
of 2nd  ELISA test 

10 Fixed 

𝑽𝑽𝒒𝒒 Effect of vector control 
during quarantine. 

0.70 Uniform(0.5,0.9) 

Risk periods and disease occurence 
𝑻𝑻𝒓𝒓𝒊𝒊𝒊𝒊𝒓𝒓 Length time period between 

an equine can be infected (R 
area) and the detection of 
the first case prior to 
embarkation (day). 

Function of 
incubation period 
(𝑙𝑙ℎ), and length of 
extrinsic incubation 
period (𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒  ) 

NA 

𝑻𝑻𝒊𝒊𝒊𝒊𝒊𝒊𝒆𝒆𝒄𝒄 Time available before the 
importation procedures 
when equines can get the 
disease (day) 

30 days Fixed 

𝑻𝑻𝒊𝒊𝒊𝒊𝒊𝒊𝒆𝒆𝒄𝒄𝒊𝒊𝒊𝒊 Time available before 
equestrian event in The 
Netherlands when equines 
can get the disease (day) 

3.5 days Uniform(3.0,4.0) 
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𝑻𝑻𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 Time available before 
equestrian event outside 
The Netherlands when 
equines can get the disease 
(day) 

6.5 days Uniform(3.0,10.0) 

𝑫𝑫𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊,𝒎𝒎 Day when the vector is 
infected  in a month “m”. 

See equation Uniform (1, 1/MRm) 

𝑫𝑫𝒊𝒊𝒊𝒊𝒗𝒗𝒗𝒗,𝒎𝒎  Day of vector transport in 
month “m”.  

12 Fixed 

𝑷𝑷𝒊𝒊𝑹𝑹𝒎𝒎 Probability of disease 
occurrence in R area in 
month “m”. 

High risk:            1 
Low risk:   
0      m <= 6 
0.15 m > 6 
Very low risk:  
0      m <= 6 
0.003 m > 6 

 
Gamma(7*365,1/(3
65*47)) 
 
Gamma(Trisk, 
1/(365*48)) 

𝑪𝑪𝒍𝒍𝒎𝒎𝑹𝑹 Cumulative incidence of EE 
disease in a year in R.  

High risk:         
0.381/12 
Low risk:          
0.095/12 
Very low risk:  
0.049/12 

(1-E^Uniform(-
0.29,-0.67))/12 
Fixed 
Fixed 

𝑹𝑹𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊,𝒎𝒎 Rate of infected vectors 
during an outbreak in month 
“m”. 

High risk: 0.000145  
Low risk: 
0.00000145 

Uniform(0.00014,0.
00015)  
Uniform(0.0000014
,0.0000015)  

Biological parameters 

𝑰𝑰𝒊𝒊 Incubation period in host 
(days). 

4 Pert(2,4,6) 

𝑽𝑽𝒊𝒊𝒗𝒗 Length of viraemia (days). 18.8 Pert(7,19,30) 
𝑻𝑻𝒔𝒔𝒊𝒊𝒗𝒗𝒔𝒔 Period of time between the 

infection and 
seroconversion (days). 

11.4 Uniform(Vir, ln) 

𝑹𝑹𝒗𝒗𝒊𝒊 Ratio of number of 
ruminants to equines in The 
Netherlands. 

6 Uniform(0,12) 

𝑽𝑽𝒊𝒊𝒆𝒆𝒊𝒊𝒊𝒊𝒆𝒆 Vector preference to bite 
equine instead of ruminants 
in month “m”. 

1 Fixed 

𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 Number of gonotrophic 
cycles to complete an 
extrinsic incubation period 

Depends on 
temperature see 
equations 
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in month “m”. 
𝑩𝑩𝑹𝑹𝒎𝒎 Biting rate of the vector in 

month “m”. 
Depends on 
temperature see 
equations 

 

𝒑𝒑𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 Probability of infection of an 
equine by a vector during a 
bite 

0.75 Betadistribution(6,
2) 

𝒑𝒑𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊 Probability of infection of a 
vector by an equine during a 
bite 

0.026 Betadistribution(1.
05,39.6) 

𝑮𝑮𝒕𝒕𝒎𝒎𝒕𝒕 Length of the gonotrophic 
cycle in F in month “m”.  

See equation  

𝑬𝑬𝑬𝑬𝑷𝑷𝒎𝒎 Extinsic Incubation Period in 
month “m” 

See equation  

𝑴𝑴𝑹𝑹𝒎𝒎 Mortality rate of the vector 
in month “m”. 

See equation  

𝑻𝑻𝒎𝒎  Temperature in month “m”. See Supplementary 
Figure 2 

 

Number of hosts and vectors 
𝑵𝑵𝒊𝒊𝒎𝒎 Number of potential vectors 

in F feeding on infectious 
local equine during its 
viraemic period in month 
“m”. 

See equation  

𝑵𝑵𝒆𝒆𝒆𝒆(𝒋𝒋,𝒎𝒎) Number of imported equines 
from risk region “j” in a 
month “m” 

See Appendix table 
4 

 

𝑵𝑵𝒊𝒊𝒆𝒆𝒕𝒕 Number of vectors present 
in F feeding on infectious 
equine in month “m”. 

See Supplementary 
Figure 1 

 

3. Equations for the probability of introduction of EEV in The Netherlands 

For readability and convenience the R-subscript to depict the parameters for the 
probability of an outbreak and for the cumulative incidence is not used below. Hence 𝑃𝑃𝑂𝑂𝑚𝑚  
equals 𝑃𝑃𝑂𝑂𝑅𝑅,𝑚𝑚 and 𝐶𝐶𝐼𝐼𝑚𝑚 is equal to 𝐶𝐶𝐼𝐼𝑅𝑅,𝑚𝑚. 

 EEV release into The Netherlands calculation by pathway PWEquine 3.1.

 Probability for an equine to be imported in month “m” from area “R” is infected 
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The risk period for infection is set to 30 days for high risk regions and calculated based 
on the assumption that the second horse in a group will be detected for very low and low 
risk countries: 

𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 2 × 𝐼𝐼𝐼𝐼𝑚𝑚 + 𝐸𝐸𝐼𝐼𝐸𝐸𝑚𝑚         
Where, 𝐸𝐸𝐼𝐼𝐸𝐸𝑚𝑚is the extrinsic incubation period of EEV in Culicoides in month m, 

and  𝐼𝐼𝐼𝐼𝑚𝑚 monthly incubation period.  
The release by an equine is the weighted sum of the probability of release for equines 

infected before and during each period of the importation process. 
 

 𝐸𝐸𝑟𝑟𝑟𝑟𝑙𝑙𝑒𝑒𝑞𝑞𝑗𝑗,𝑚𝑚
= 𝑃𝑃𝑞𝑞 

𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟−𝑞𝑞 + 𝑃𝑃𝑞𝑞−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 + 𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1− 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 +
𝑃𝑃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2−𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖 

𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 +
𝑃𝑃𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝑒𝑒

𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖−𝑟𝑟                  

 
The parameters 𝑞𝑞, 𝐸𝐸𝐸𝐸𝐼𝐼𝐸𝐸𝐸𝐸1, 𝐸𝐸𝐸𝐸𝐼𝐼𝐸𝐸𝐸𝐸2 and 𝐶𝐶𝑟𝑟𝑖𝑖𝑟𝑟𝑖𝑖  are the period prior to 

embarkation, while 𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟−𝑞𝑞   is the time period prior to quarantine. When no 
quarantine occurs, the equations is slightly modified to only take into account 
infection prior to or post clinical inspection. 
 Rigorous sanitary regime: Quarantine + Elisa tests + clinical inspection at embarkation:  

o Probability that an imported equine is infected before q. 
If 𝑞𝑞 –  𝑒𝑒 <  30 

  =  𝐸𝐸𝑃𝑃𝑚𝑚  × 𝐶𝐶𝐸𝐸𝑚𝑚−1(30 – 𝑞𝑞+ 𝑟𝑟)+ 𝐶𝐶𝐸𝐸𝑚𝑚−2(𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖– (30 – 𝑞𝑞 +𝑟𝑟))
𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖

  
If 𝑞𝑞 –  𝑒𝑒 >  30
  =  𝐸𝐸𝑃𝑃𝑚𝑚 × 𝐶𝐶𝐸𝐸𝑚𝑚−2(60 – 𝑞𝑞 + 𝑟𝑟)+ 𝐶𝐶𝐸𝐸𝑚𝑚−3(𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖– 60 + 𝑞𝑞 − 𝑟𝑟)

𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑒𝑒𝑖𝑖
o Probability that an imported equine is infected between q and Elisa1. 

If 𝑒𝑒 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 <  0 
 If 𝑞𝑞 – 𝑒𝑒 >  30  
   =  (1 − 𝑉𝑉𝑞𝑞)  ×  𝐸𝐸𝑃𝑃𝑚𝑚 ×  𝐶𝐶𝑙𝑙𝑚𝑚−1×(30 – 𝐸𝐸𝑙𝑙𝑟𝑟𝑟𝑟𝐸𝐸1+ 𝑟𝑟)+ 𝐶𝐶𝑙𝑙𝑚𝑚−2×(𝑞𝑞 – 30−𝑟𝑟)

𝑞𝑞 – 𝐸𝐸𝑙𝑙𝑟𝑟𝑟𝑟𝐸𝐸1
 If 𝑞𝑞 –  𝑒𝑒 <  30  
   =  (1 − 𝑉𝑉𝑞𝑞)  ×  𝐸𝐸𝑃𝑃𝑚𝑚 ×  𝐶𝐶𝐼𝐼𝑚𝑚−1 

If 𝑒𝑒 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 >  0 
If 𝑞𝑞 >  30 +  𝑒𝑒

=  (1 −  𝑉𝑉𝑞𝑞)  ×  𝐸𝐸𝑃𝑃𝑚𝑚 ×
(𝐶𝐶𝐸𝐸𝑚𝑚 × (𝑒𝑒–  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1) + 𝐶𝐶𝐸𝐸𝑚𝑚−1 × 30 + 𝐶𝐶𝐸𝐸𝑚𝑚−2(𝑞𝑞 –  30 − 𝑒𝑒)

𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1
If 𝑞𝑞 <  30 +  𝑒𝑒 

=  (1 − 𝑉𝑉𝑞𝑞) 𝐸𝐸𝑃𝑃𝑚𝑚 ×  𝐶𝐶𝐸𝐸𝑚𝑚 (𝑒𝑒 − 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1) + 𝐶𝐶𝐸𝐸𝑚𝑚−1 ∗ (𝑞𝑞 –  𝑒𝑒)
𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  

o Probability that an imported equine is infected between Elisa1 and Elisa2 
If 𝑒𝑒 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 
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=  (1 − 𝑉𝑉𝑞𝑞)  ×  𝑃𝑃𝑂𝑂𝑚𝑚  ×  
(𝐶𝐶𝐶𝐶𝑚𝑚−1 × (30 –  𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2 +  𝑒𝑒) + 𝐶𝐶𝐶𝐶𝑚𝑚−2 × (𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 –  30 − 𝑒𝑒)

(𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2)
If 𝑒𝑒 >  𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2
 If 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 >  30 +  𝑒𝑒 

  =  (1 − 𝑉𝑉𝑞𝑞) × 𝑃𝑃𝑂𝑂𝑚𝑚 ×  𝐶𝐶𝐶𝐶𝑚𝑚×(𝑒𝑒 – 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2)+𝐶𝐶𝐶𝐶𝑚𝑚−1×30+𝐶𝐶𝐶𝐶𝑚𝑚−2×(𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 –(30+𝑒𝑒))
(𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 – 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2)  

 If 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 <  30 +  𝑒𝑒 

=  (1 −  𝑉𝑉𝑞𝑞)𝑃𝑃𝑂𝑂𝑚𝑚 ×  𝐶𝐶𝐶𝐶𝑚𝑚(𝑒𝑒 − 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2) + 𝐶𝐶𝐶𝐶𝑚𝑚−1 ∗ (𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝑒𝑒)
(𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸1 − 𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2)

o Probability that an imported equine is infected after Elisa2. 
If 𝑒𝑒 <  𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2
    =  (1 −  𝑉𝑉𝑞𝑞) × 𝑃𝑃𝑂𝑂𝑚𝑚  × (𝐶𝐶𝐶𝐶𝑚𝑚×𝑒𝑒)+𝐶𝐶𝐶𝐶𝑚𝑚−1×(𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2 – 𝑒𝑒)

𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2
If 𝑒𝑒 >  𝐸𝐸𝐶𝐶𝐸𝐸𝐸𝐸𝐸𝐸2 
    =  (1 −  𝑉𝑉𝑞𝑞) ×  𝑃𝑃𝑂𝑂𝑚𝑚 ×  𝐶𝐶𝐼𝐼𝑚𝑚 

 Normal sanitary regimet: Quarantine + clinical inspection at embarkation 
o Probability that an imported equine is infected before quarantine. 

If 𝑞𝑞 –  𝑒𝑒 <  30 

 =  𝑃𝑃𝑂𝑂𝑚𝑚 × 𝐶𝐶𝐼𝐼𝑚𝑚−1(30 – 𝑞𝑞 + 𝑒𝑒)+ 𝐶𝐶𝐼𝐼𝑚𝑚−2(𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖– 30 + 𝑞𝑞 − 𝑒𝑒)
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

If 𝑞𝑞 –  𝑒𝑒 >  30 

 =  𝑃𝑃𝑂𝑂𝑚𝑚 × 𝐶𝐶𝐼𝐼𝑚𝑚−2(60 – 𝑞𝑞 + 𝑒𝑒)+ 𝐶𝐶𝐼𝐼𝑚𝑚−3(𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖– 60 + 𝑞𝑞 − 𝑒𝑒)
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

o Probability that an imported equine is infected during quarantine. 
If 𝑞𝑞 >  30 +  𝑒𝑒 

 =  (1 −  𝑉𝑉𝑞𝑞)  ×  𝑃𝑃𝑂𝑂𝑚𝑚  × 𝐶𝐶𝐶𝐶𝑚𝑚−1∗(30 – (𝑞𝑞 – 𝑒𝑒))+𝐶𝐶𝐶𝐶𝑚𝑚−2∗(𝑞𝑞 – (30 +𝑒𝑒))
𝑞𝑞 

If 𝑞𝑞 <  30 +  𝑒𝑒 

 =  (1 −  𝑉𝑉𝑞𝑞) ×  𝑃𝑃𝑂𝑂𝑚𝑚  × 𝐶𝐶𝐶𝐶𝑚𝑚 (𝑞𝑞−𝑒𝑒)+𝐶𝐶𝐶𝐶𝑚𝑚−1(𝑞𝑞 – 𝑒𝑒)
𝑞𝑞

o Probability that an imported equine is infected after quarantine. 
If 𝑒𝑒 <  𝑞𝑞 − 𝐶𝐶𝐸𝐸𝑖𝑖𝐸𝐸𝑖𝑖 

 =  (1 −  𝑉𝑉𝑞𝑞)  × 𝑃𝑃𝑂𝑂𝑚𝑚  ×  𝐶𝐶𝐶𝐶𝑚𝑚×(𝑒𝑒−𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)+𝐶𝐶𝐶𝐶𝑚𝑚−1×( 𝑒𝑒−𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)
𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

If 𝑒𝑒 >  𝑞𝑞 − 𝐶𝐶𝐸𝐸𝑖𝑖𝐸𝐸𝑖𝑖 
 =  (1 −  𝑉𝑉𝑞𝑞) ×  𝑃𝑃𝑂𝑂𝑚𝑚  ×  𝐶𝐶𝐼𝐼𝑚𝑚

 Easy sanitary regime: No quarantine, clinical inspection 48 hour before embarkation:  
o Probability that an imported equine is infected before the clinical inspection. 

If 𝑇𝑇𝑟𝑟𝐸𝐸𝐸𝐸𝑟𝑟  <  𝑒𝑒  
 =  𝑃𝑃𝑂𝑂𝑚𝑚  ×  𝐶𝐶𝐼𝐼𝑚𝑚  
If 𝑇𝑇𝑟𝑟𝐸𝐸𝐸𝐸𝑟𝑟  >  𝑒𝑒 
 If 𝐻𝐻𝑟𝑟𝐸𝐸𝐸𝐸𝑟𝑟𝑖𝑖𝑒𝑒𝑟𝑟𝐸𝐸𝑟𝑟𝑟𝑟  <  30 +  𝑒𝑒

  =  𝑃𝑃𝑂𝑂𝑚𝑚
𝐶𝐶𝐼𝐼𝑚𝑚 (𝑒𝑒 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)+ 𝐶𝐶𝐼𝐼𝑚𝑚−1 (𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟 – (𝑒𝑒 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖))

𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
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 If 𝐻𝐻𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ≥   30 +  𝑒𝑒

  =  𝑃𝑃𝑂𝑂𝑚𝑚
𝐶𝐶𝐼𝐼𝑚𝑚∗(𝑟𝑟 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)+ 𝐶𝐶𝐼𝐼𝑚𝑚−1× 30 + 𝐶𝐶𝐼𝐼𝑚𝑚−2 (𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟 – 30 − (𝑟𝑟 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖))

𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟 − 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 Probability that an imported equine is infected after the clinical 

inspection 
  =  𝑃𝑃𝑂𝑂𝑚𝑚  ×  𝐶𝐶𝐼𝐼𝑚𝑚 

 Probability for an equine to be imported is in viraemic stage or in incubation period 
when imported from R to F in a month “m”  

 Rigorous sanitary regime: Quarantine + Elisa tests +Clinical inspection:  
o Probability that an imported equine is infected before q. 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
 =  0
If 𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅 ≤   𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖  +  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅   
 = 𝐼𝐼𝑖𝑖 + 𝑉𝑉𝑟𝑟𝑟𝑟 – 𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑐𝑐
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥   𝑇𝑇𝑟𝑟𝑖𝑖𝑖𝑖𝑟𝑟𝑖𝑖  +  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  
 =  1

o Probability that an imported equine is infected between q and Elisa1. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅   
 =  0 
If 𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅 ≤ 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

 = 𝐼𝐼𝑖𝑖 + 𝑉𝑉𝑟𝑟𝑟𝑟 – 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸1 − 𝑇𝑇𝑅𝑅𝑅𝑅
(𝑞𝑞 – 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸1)  

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥   𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅   
 =  1 

o Probability that an imported equine is infected between Elisa1 and Elisa2. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅 
 =  0 
If 𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅 ≤   𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 < 𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  

 = 𝐼𝐼𝑖𝑖+ 𝑉𝑉𝑟𝑟𝑟𝑟 – 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸2 − 𝑇𝑇𝑅𝑅𝑅𝑅
(𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸1 – 𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸2)  

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  

 =  1
o Probability that an imported equine is infected after Elisa2 and before the 

clinical inspection. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <   𝑇𝑇𝑅𝑅𝑅𝑅  
 =  0 
If 𝑇𝑇𝑅𝑅𝑅𝑅 ≤  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑅𝑅𝑅𝑅 + 𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2    
 = 𝐼𝐼𝑖𝑖+ 𝑉𝑉𝑟𝑟𝑟𝑟 − 𝑇𝑇𝑅𝑅𝑅𝑅

𝐸𝐸𝐸𝐸𝑟𝑟𝑟𝑟𝐸𝐸2  
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 + 𝑇𝑇𝑅𝑅𝑅𝑅  
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 =  1  
 Normal sanitary regime: Quarantine + Clinical inspection . 

o Probability that an imported equine is infected before q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞  + 𝑇𝑇𝑅𝑅𝑅𝑅  
 =  0 
If 𝑞𝑞  +  𝑇𝑇𝑅𝑅𝑅𝑅 ≤  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅   
 = 𝐼𝐼𝑖𝑖+ 𝑉𝑉𝑖𝑖𝑉𝑉 – 𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥   𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
 =  1 

o Probability that an imported equine is infected during q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑅𝑅𝑅𝑅   

=  0 
If 𝑇𝑇𝑅𝑅𝑅𝑅 ≤  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  1 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

= 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 –  𝑞𝑞 −  𝑇𝑇𝑅𝑅𝑅𝑅
𝑞𝑞  

o Probability that an imported equine is infected after q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑅𝑅𝑅𝑅   
 =  1 
If I𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑇𝑇𝑅𝑅𝑅𝑅  =  0  
 =  0 

 Easy sanitary regime: No quarantine, clinical inspection 48 hours before embarkation. 
o Probability that an imported equine is infected before clinical inspection 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  0 

If 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑇𝑇𝑅𝑅𝑅𝑅 < 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑉𝑉𝑖𝑖𝑖𝑖𝑟𝑟 − 𝑝𝑝 +  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑇𝑇𝑅𝑅𝑅𝑅  
= 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 – 𝑇𝑇𝑅𝑅𝑅𝑅

𝑇𝑇𝑉𝑉𝑖𝑖𝑖𝑖𝑟𝑟 – 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑇𝑇𝑉𝑉𝑖𝑖𝑖𝑖𝑟𝑟 − 𝑝𝑝 +  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  1 

o Probability that an imported equine is infected after clinical inspection 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑅𝑅𝑅𝑅  + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  
  = 𝐼𝐼𝑖𝑖+ 𝑉𝑉𝑖𝑖𝑉𝑉

𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑇𝑇𝑅𝑅𝑅𝑅
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑇𝑇𝑅𝑅𝑅𝑅  + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  
 =  1 

 Probability of infected equine to be detected during importation procedure in 
month “m”  
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 Rigorous sanitary regime: Quarantine + Elisa tests + clinical inspection at embarkation:  
o Probability that an imported infected equine is detected by Elisa1 . 

 When exported equine has been infected before quarantine. 
If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 <  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1    
 =  𝑆𝑆𝑆𝑆 
If  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 ≤   𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 

 = 
𝑆𝑆𝑠𝑠 (𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑇𝑇𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠 + 𝑞𝑞 – 𝐸𝐸𝐸𝐸𝑖𝑖𝑠𝑠𝐸𝐸1)+(1−𝑆𝑆𝑆𝑆)(𝑇𝑇𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠 − 𝑞𝑞 + 𝐸𝐸𝐸𝐸𝑖𝑖𝑠𝑠𝐸𝐸1)

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
  

If  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥   𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   
  =  1 –  𝑆𝑆𝑆𝑆 

 When exported equine has been infected between quarantine and 
Elisa1. 

If  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  
 =  𝑆𝑆𝑆𝑆 
If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥   𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   

 = 𝑆𝑆𝑠𝑠 (𝑞𝑞 – 𝐸𝐸𝐸𝐸𝑖𝑖𝑠𝑠𝐸𝐸1 – 𝑇𝑇𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠)+(1−𝑆𝑆𝑆𝑆) 𝑇𝑇𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠
(𝑞𝑞 – 𝐸𝐸𝐸𝐸𝑖𝑖𝑠𝑠𝐸𝐸1)  

o Probability that an imported infected equine is detected by Elisa2 .  
 When exported equine has been infected before quarantine. 

If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2   
 =  𝑆𝑆𝑆𝑆 
If  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 <  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖   +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2    

=
𝑆𝑆𝑆𝑆(𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖 – 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2) +  (1 − 𝑆𝑆𝑆𝑆)(𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 −  𝑞𝑞 +  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2)

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖
  

If  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≤  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
=  1 –  𝑆𝑆𝑆𝑆 

 When exported equine has been infected between quarantine and 
Elisa1. 

 If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
=  𝑆𝑆𝑆𝑆 

 If 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 ≤ 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝑇𝑇𝐸𝐸𝑖𝑖𝑖𝑖𝑆𝑆𝑖𝑖  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
= 𝑆𝑆𝑆𝑆(𝑞𝑞 −  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 −  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)  + (1 − 𝑆𝑆𝑆𝑆)(𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠–  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 +  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2)

(𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1)  

If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≤  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
=  1 –  𝑆𝑆𝑆𝑆 

 When exported equine has been infected between Elisa1 and Elisa2. 
If  𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 < 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
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= 𝑆𝑆𝑆𝑆 (𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 −  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 – 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) + (1 − 𝑆𝑆𝑆𝑆) 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
(𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2)  

If 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≥ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
=  1 −  𝑆𝑆𝑆𝑆 

o Probability that an imported infected equine is detected by clinical 
inspection at embarkation  

The embarkation moment and the clinical inspection are assumed to be exactly the 
same. 

 When exported equine has been infected before quarantine.  
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 <  𝑞𝑞   

=  0 
If 𝐼𝐼𝐼𝐼 ≥  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞   

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞  
  If I𝐼𝐼 <  𝑞𝑞   

=  𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖  

  If 𝐼𝐼𝐼𝐼 >  𝑞𝑞   
=  𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖

(𝐼𝐼𝐼𝐼 –  𝑞𝑞 ) 
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖

 

 
If 𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖  +  𝑞𝑞 ≥  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝑞𝑞  

If 𝐼𝐼𝐼𝐼 <  𝑞𝑞   
=  

(𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 –  𝑞𝑞 ) 𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖

 

If 𝐼𝐼𝐼𝐼 ≥  𝑞𝑞     
= 𝑉𝑉𝐸𝐸𝑉𝑉 𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑖𝑖 
 

 
 When exported equine has been infected between quarantine and 

Elisa1. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   

=  0 
If 𝐼𝐼𝐼𝐼 >  𝑞𝑞   

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝑞𝑞  
 If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  

=  𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖  

 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   
=

(𝐼𝐼𝐼𝐼 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 )  𝑆𝑆𝑆𝑆𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  

 
If 𝑞𝑞  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  



 

114 

 

 If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐(𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 ) 

(𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1)  

 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1  
= 𝑉𝑉𝐸𝐸𝑉𝑉  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝑞𝑞 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1) 

 
 When exported equine has been infected between Elisa1 and Elisa2. 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
=  0 

If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1   
=  0 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1  
 If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 )
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 

 
If 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸1 >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
 If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2      

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
(𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 –  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2 )

 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2   
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑉𝑉𝐸𝐸𝑉𝑉 
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

 When exported equine has been infected after Elisa2. 
If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

=  0 
If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

 If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 >  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2   
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  (𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  –  𝐼𝐼𝐼𝐼)

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  

 If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝐸𝐸𝑉𝑉 <  𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2     
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝑉𝑉𝐸𝐸𝑉𝑉

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸2  
 Normal sanitary regime: Quarantine + clinical inspection at embarkation: 

o Probability that an infected equine to be detected by clinical inspection at 
embarkation  

 When exported equine has been infected before quarantine.  
If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 

=  0 
If 𝐼𝐼𝐼𝐼  <  𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 



 

115 

 

 If𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞  
= 𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖

𝑉𝑉𝑉𝑉𝑉𝑉  
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 +  𝑞𝑞 

 If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞  

= 𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
(𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉)
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞  

 When exported equine has been infected during the quarantine. 
If 𝐼𝐼𝐼𝐼 >  𝑞𝑞   

=  0 
If 𝐼𝐼𝐼𝐼 <  𝑞𝑞  
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞   

= 𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
 𝑉𝑉𝑉𝑉𝑉𝑉  

𝑞𝑞  

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞   
= 𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖

(𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉) 
𝑞𝑞  

 Easy sanitary regime: No quarantine, clinical inspection 48 hours before embarkation. 
o Probability that an imported equine is detected by clinical inspection before 

embarkation. 
 When exported equine has been infected before clinical inspection. 

If 𝐻𝐻𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟 < 𝐼𝐼𝐼𝐼 + 𝑉𝑉𝑉𝑉𝑉𝑉  

=  𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟 –  𝐼𝐼𝐼𝐼 

𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟– 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≤  𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟– 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟 < 𝐼𝐼𝐼𝐼  
=  𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖

𝑉𝑉𝑉𝑉𝑉𝑉 
𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟– 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟

 

If 𝐼𝐼𝐼𝐼 ≥  𝑇𝑇𝑟𝑟𝑖𝑖𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑖𝑖𝑖𝑖𝑟𝑟𝑟𝑟  
=  0

 Probability of an infected equine being imported is detected during transportation 
from R to F in month “m” 

o Rigorous sanitary regime: Quarantine + Elisa tests + clinical inspection 
 Probability that an imported equine is infected before q. 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅   
=  0 

If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  0 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  +  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  
 If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

=   𝑆𝑆𝑒𝑒𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖
(𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅)

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 



 

116 

 

 If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅   
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

If 𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅
 If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
 𝑉𝑉𝑉𝑉𝑉𝑉

𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐
 

 If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅)
𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐

 

 Probability that an imported equine is infected between Q 
and ELISA1. 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  0 

If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  0 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅   
 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅  

=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝐼𝐼𝐼𝐼 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 −  𝑇𝑇𝑅𝑅𝑅𝑅
𝑞𝑞 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1  

 If 𝐼𝐼𝐼𝐼 ≤  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

If 𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  
 If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅  

=  𝑉𝑉𝑉𝑉𝑉𝑉 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑞𝑞 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1

 If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 −  𝑇𝑇𝑅𝑅𝑅𝑅
𝑞𝑞 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1  

 Probability that an imported equine is infected between 
elisa1 and elisa2. 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  0 

If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  

If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝐼𝐼𝐼𝐼 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 −  𝑇𝑇𝑅𝑅𝑅𝑅
𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2  

If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

If 𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 + 𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
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= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐   𝑉𝑉𝑉𝑉𝑉𝑉
𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2

If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 – 𝑇𝑇𝑅𝑅𝑅𝑅
𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸1 –  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2  

 Probability that an imported equine is infected after Elisa2.  
If 𝐼𝐼𝐼𝐼 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  0 
If 𝐼𝐼𝐼𝐼 <  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 + 𝑇𝑇𝑅𝑅𝑅𝑅  

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 + 𝑇𝑇𝑅𝑅𝑅𝑅 –  𝐼𝐼𝐼𝐼

𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2  

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 +  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝑉𝑉𝑉𝑉𝑉𝑉

𝐸𝐸𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸2 

 Normal sanitary regime: Quarantine + clinical inspection at 
embarkation 

 Probability that an imported equine is infected before q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

=  0 
If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  

If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅)
𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐

 

If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

If 𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐  +  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
    If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝑉𝑉𝑉𝑉𝑉𝑉
𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐

 

If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅
𝑇𝑇𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑐𝑐

 

 Probability that an imported equine is infected during q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  

If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅) 
𝑞𝑞

If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅   
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=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  

 

If 𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅  
If 𝐼𝐼𝐼𝐼 >  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝑉𝑉𝑉𝑉𝑉𝑉  
𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅

 

If 𝐼𝐼𝐼𝐼 <  𝑞𝑞 + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 –  𝑞𝑞 − 𝑇𝑇𝑅𝑅𝑅𝑅)
𝑞𝑞  

 Probability that an imported equine is infected after q. 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑅𝑅𝑅𝑅   

=  0 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 ≥  𝑇𝑇𝑅𝑅𝑅𝑅  

If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑅𝑅𝑅𝑅  

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
(𝐼𝐼𝐼𝐼 – 𝑇𝑇𝑅𝑅𝑅𝑅)
𝑞𝑞 +  𝑇𝑇𝑅𝑅𝑅𝑅

 

If 𝐼𝐼𝐼𝐼 ≤   + 𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

If 𝑇𝑇𝑅𝑅𝑅𝑅  >  𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 

If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑅𝑅𝑅𝑅  
=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

𝑉𝑉𝑉𝑉𝑉𝑉
 𝑇𝑇𝑅𝑅𝑅𝑅

 

If 𝐼𝐼𝐼𝐼 ≤  𝑇𝑇𝑅𝑅𝑅𝑅  
= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

(𝐼𝐼𝐼𝐼 – 𝑇𝑇𝑅𝑅𝑅𝑅)
 𝑇𝑇𝑅𝑅𝑅𝑅

 

 Easy sanitary regime: No quarantine, Cinsp 48 hours before 
embarkation: 

 Probability that an imported equine is infected before the 
clinical inspection 

If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 − 𝑝𝑝 +  𝑇𝑇𝑅𝑅𝑅𝑅 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖  
=  0 

If 𝐼𝐼𝐼𝐼 <  𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 − 𝑝𝑝 +  𝑇𝑇𝑅𝑅𝑅𝑅 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖 
If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖 

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  𝑉𝑉𝑉𝑉𝑉𝑉
𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖

 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖 

= 𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
(𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖  + 𝑇𝑇𝑅𝑅𝑅𝑅  −  𝐼𝐼𝐼𝐼)

𝑇𝑇𝑟𝑟𝑐𝑐𝑟𝑟𝑟𝑟 – 𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖
 

 Probability that an imported equine is infected after clinical 
inspection 

If 𝐼𝐼𝐼𝐼 >  𝑇𝑇𝑅𝑅𝑅𝑅  +  𝐶𝐶𝑐𝑐𝑐𝑐𝑟𝑟𝑖𝑖  
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=  0 
If 𝐼𝐼𝐼𝐼 <  𝑇𝑇𝑅𝑅𝑅𝑅  + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 
 If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 <  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖
𝑉𝑉𝑉𝑉𝑉𝑉  

𝑇𝑇𝑅𝑅𝑅𝑅 +  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 

If 𝐼𝐼𝐼𝐼 +  𝑉𝑉𝑉𝑉𝑉𝑉 >  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  + 𝑇𝑇𝑅𝑅𝑅𝑅  

=  𝑆𝑆𝑒𝑒𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖
(𝑇𝑇𝑅𝑅𝑅𝑅  + 𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  −  𝐼𝐼𝐼𝐼)

𝑇𝑇𝑅𝑅𝑅𝑅 +  𝐶𝐶𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 

 Formulation for Probability of EEV establishment by pathway PWvector 3.2.

The probability of survival of transport  calculation assumed a uniform probability of 
both vector infection and time of vector transportation (any time of its life), thus it was 
calculated as (Faverjon, et al., 2015):  

 
1

𝑀𝑀𝑀𝑀𝑚𝑚  − 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
1

𝑀𝑀𝑀𝑀𝑚𝑚
= 1 − 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  × 𝑀𝑀𝑀𝑀𝑚𝑚         

Where, the life expectancy of the vector is 1
𝑀𝑀𝑅𝑅𝑚𝑚  (given an exponential mortality rate 

𝑀𝑀𝑀𝑀𝑚𝑚), 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  is the age of the vector at the moment of infection. It is assumed that all 
Culicoides are susceptible to EEV infection and to have a constant probability to get 
infected though a single bite on a viraemic equine.  Calculations assumed that travel 
conditions do not affect vector survival given hence, the worst case scenario (Faverjon et 
al., 2015):  

 (1 − 𝑉𝑉𝑞𝑞) ×  𝑒𝑒(−(𝐷𝐷𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣+ 𝑇𝑇𝑀𝑀𝑅𝑅 )×𝑀𝑀𝑅𝑅𝑚𝑚 )                 

Where, 𝑉𝑉𝑞𝑞   is the effectiveness of vector control management applied during 
quarantine, and  the second part of the equation is the vector survival probability during 
transportation to F area.   depending on time of transportation (𝑇𝑇𝑅𝑅𝑅𝑅), the day of vector 
transportation (𝐷𝐷𝑖𝑖𝑣𝑣𝑣𝑣𝑣𝑣) and monthly vector mortality rate (𝑀𝑀𝑀𝑀𝑚𝑚). For the calculation it was 
assumed that vector survival is uniform for all Culicoides (Faverjon, et al., 2015) . 

The probability of the local vector to complete a gonotrophic cycle and survives the 
extrinsic incubation period (EIP) in a month was calculated as: 

𝑒𝑒−(𝑁𝑁𝑒𝑒𝑖𝑖𝑒𝑒 × 𝐺𝐺𝑣𝑣𝑚𝑚𝑅𝑅×𝑀𝑀𝑅𝑅𝑚𝑚 )             

Where, 𝑁𝑁𝑒𝑒𝑖𝑖𝑖𝑖  is the number of gonotrophic cycles to complete an EIP, 𝐺𝐺tmF is the 
length of the gonotrophic cycle of the vector given the temperature in F area, and 𝑀𝑀𝑀𝑀𝑚𝑚 is 
the mortality rate in a month.      

 Probability that alive infected transported vector survives in F in month “m”, where it 
completes the EIP: 
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If 𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒  ×  𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡  >  𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  +  𝑇𝑇𝑅𝑅𝑡𝑡    

 𝑒𝑒−𝜇𝜇𝑚𝑚 (𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒 × 𝐺𝐺𝑡𝑡𝑚𝑚𝑡𝑡− (𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡+ 𝑇𝑇𝑡𝑡𝑅𝑅)) 

 If (𝑁𝑁𝑒𝑒𝑒𝑒𝑒𝑒   ×  𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡)  <  (𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  + 𝑇𝑇𝑅𝑅𝑡𝑡) 

 If 𝑇𝑇𝑅𝑅𝑡𝑡   <  𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡         𝑒𝑒−𝜇𝜇𝑚𝑚 𝐺𝐺𝑡𝑡𝑚𝑚𝑡𝑡− 𝑇𝑇𝑡𝑡𝑅𝑅
𝟐𝟐          

 If 𝑇𝑇𝑅𝑅𝑡𝑡 ≥  𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡      𝑒𝑒− 𝐺𝐺𝑡𝑡𝑚𝑚𝑡𝑡
2 𝜇𝜇𝑚𝑚𝑅𝑅  

Here is assumed that the last gonotropic cycle in a month occurs the half during 
transport and half in F area. 

The mortality rate, the length of the gonotrophic cycle and the length of the extrinsic 
incubation period (EIP) depend on the temperature (Tm ) 

𝑀𝑀𝑀𝑀𝑡𝑡  =  0.015  𝑒𝑒(0.063 × 𝑇𝑇𝑚𝑚)       (16) 

𝐺𝐺𝑡𝑡𝑡𝑡𝑡𝑡 =  −1.98 + 0.07217 × 𝑇𝑇𝑡𝑡 + 2516.65
𝑇𝑇𝑚𝑚2

     (17) 

𝐸𝐸𝐸𝐸𝑃𝑃𝑡𝑡 =  1
0.0085 × 𝑇𝑇𝑚𝑚−0.0821      (18) 

4. Input data 
 

 
Supplementary Figure 1 Average temperature in de Bilt, The Netherlands (KNMI) 



 

121 

 

 
Supplementary Figure 2 Number of vectors per catch per night in 2007. source: NVWA, 
2007
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ABSTRACT 

African horse sickness (AHS) and equine encephalosis (EE) are Culicoides-
borne viral diseases that could have the potential to spread across Europe if 
introduced, thus being potential threats for the European equine industry.  Both 
share similar epidemiology, transmission patterns and geographical distribution. 
Using stochastic spatiotemporal models of virus entry, we assessed and compared 
the probabilities of both viruses entering France via two pathways; importation of 
live infected animals or importation of infected vectors. Analyses were performed 
for three consecutive years (2010-2012). Seasonal and regional differences in 
virus entry probabilities were the same for both diseases. However, the 
probability of EE entry was much higher than the probability of AHS entry. 
Interestingly, the most likely entry route differed between AHS and EE: AHS has a 
higher probability to enter through an infected vector and EE has a higher 
probability to enter through an infectious host. Consequently, different effective 
protective measures were identified by “what if” scenarios for the two diseases. 
The implementation of vector protection on all animals (equine and bovine) 
coming from low-risk regions before their importation was the most effective in 
reducing the probability of AHS entry. On the other hand, the most significant 
reduction of the probability of EE entry was obtained by the implementation of 
quarantine before import for horses coming from both EU and non-EU countries. 
The developed models can be useful to implement risk-based surveillance. 
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A. INTRODUCTION 

The recent introduction and spread in Europe of BTV-8 in 2006 (Zientara and 
Sánchez-Vizcaíno 2013) and Schmallenberg virus in 2011 (Doceul et al. 2013) 
highlighted the need to strengthen risk assessment and surveillance of Culicoides-
borne diseases. Like bluetongue and Schmallenberg viruses, African horse sickness 
(AHS) and equine encephalosis (EE) are borne by biting midges from the genus 
Culicoides and could thus also rapidly spread across Europe once introduced. 
These diseases have been recently highlighted as potential threats for the 
European equine industry (MacLachlan and Guthrie 2010; Zimmerli et al. 2010).  

AHS and EE are similar in many aspects: both are non-zoonotic equid diseases 
caused by viruses belonging to the Orbivirus genus of the Reoviridae family 
(Dhama et al. 2014; Mellor and Hamblin 2004; Viljoen and Huismans 1989), both 
share the same vectors (Venter et al. 2000; Venter et al. 2002) and present a 
comparable geographical distribution. Both viruses are considered endemic in 
sub-Saharan countries, with rare outbreaks in North Africa and western Asia 
(MacLachlan and Guthrie 2010; Mildenberg et al. 2009; Wescott et al. 2013). The 
last AHS outbreak in Europe occurred between 1987 and 1990 in the Iberian 
Peninsula and resulted from the importation of infected zebras (Rodriguez et al. 
1992; Zientara et al. 2015). EE has never been observed in Europe (Dhama et al. 
2014) and the last major outbreak was reported in Israel in 2009 (Mildenberg et 
al. 2009). 

The epidemiology of these diseases is similar but the pathogenicities of the 
two viruses differ. The incubation time of EE is shorter (2-6 days (Theiler 1910)) 
and its transmission rate is estimated as higher (Lord et al. 2002). Moreover, 
despite the fact that EE was initially described by Theiler as a “fever in horses 
simulating horse-sickness” (Theiler 1910), the symptoms of the two diseases are 
different. In particular, the mortality rate of EE is low when as many as 90% of 
AHS infected horses may die within one week (Mellor and Hamblin 2004; Wilson 
et al. 2009). In contrast to AHS, which causes severe cardiac and pulmonary 
symptoms, EE is characterized by a wide range of clinical signs, such as abortions 
during the first 5-6 months of gestation, respiratory signs (e.g., nasal discharge, 
cough), or neurological signs such as ataxia or behavior abnormalities (Dhama et 
al. 2014).  

The OIE’s Terrestrial Animal Health Code (OIE 2014) defines the assessment of 
pathogen entry as a description of the biological pathway(s) necessary for 
introducing pathogenic agents into a particular environment, and estimating the 
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probability of occurrence of such a process. Models assessing the probability of 
AHS (Faverjon et al. 2015) and EE (Fischer et al. 2016) entry in Europe already 
exist (i.e., the Netherlands and France). AHS has a small probability of entering the 
Netherlands (De Vos et al, 2012) and France (Faverjon et al. 2015). For the 
Netherlands, the probability of introduction of EEV is estimated to be much higher 
than AHSV (Fischer et al, 2016, De Vos et al 2012). Nevertheless, EE and AHS 
introduction probabilities cannot be fully compared without using similar model 
structures and more detailed information on the relative contribution of diverse 
routes in virus introduction is needed to better assess the risk of AHS and EE 
occurrence in Europe.  

The aim of this study was to quantitatively determine the extent to which AHS 
and EE differ in their probabilities of entry despite their similar epidemiology and 
transmission patterns. The probabilities of AHS and EE entry into France were 
evaluated and compared for two routes of virus entry: an infectious host 
imported via legal trade and an infectious vector imported via the legal trade of 
large animal (equine and bovine). We also identified the most appropriate 
measures for mitigating the probability of entry for each disease. France was 
chosen because the country contains between 900,000 and 1 million equines, is 
the world’s 4th largest exporter of horses and has a horse industry that produces 
around 12 billion euros of income per year (Lebrun 2010). Protection of its equine 
industry from infectious threat is thus fundamental to avoid dramatic sanitary, 
economic and social damages. 

 

B. MATERIALS AND METHODS 

1. Model for risk assessment of viruses entry 

The probability of entry is defined as the probability that a virus reaches an 
area, without consideration of later steps of transmission (OIE 2014). The 
stochastic spatiotemporal model of AHS introduction by Faverjon et al. (Faverjon 
et al. 2015) was used to assess the probability of AHS entry. The model developed 
by Fischer et al. (Fischer et al. 2016) for the probability of EE introduction to the 
Netherlands was adapted by us to assess the probability of EE entry into France 
(Figure 18). In this study, we compare the probability entry of AHS and of EE in 
France using these two similar models.  

 



 

129 

 

 
Figure 18: Risk pathways for EE and AHS entry 

 

Similar to the study of Faverjon et al., nine different AHS serotypes were 
treated as a single virus, and horses, mules, donkeys and zebras were separated 
for AHS according to their difference in terms of susceptibilities. Similar to the 
study of Fischer et al., we grouped all equines (horses, mules, donkeys and zebras) 
together for EE assuming no differences in susceptibility or morbidity between the 
equine species.  For both diseases, two routes of viruses entry were considered: 
the probabilities of introduction from region j to area k during the month m of an 
infectious host i via legal trade 𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) and of an infectious vector 
through the large animal trade i 𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖). Only the legal, registered horse 
trade was taken into account, because no data exists on the illegal horse trade. 
The amount of illegal trade is also thought to be very small compared to legal 
trade. In addition, Culicoides midges tend to stay close to their mammalian hosts 
(mainly large mammals (Viennet et al. 2013)), it is uncommon to find them 
associated with plants or plant material (Mintiens et al. 2008), and they are rarely 
found in vehicles of transport (such as aircraft or trucks) when insect surveys are 
conducted (Brown et al. 2012; Gratz, Steffen, et Cocksedge 2000). Therefore, only 
Culicoides entering the country via the livestock trade were included in the 
analysis. 
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𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) = ∑ [(𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ 𝑝𝑝𝑙𝑙𝑝𝑝𝑖𝑖𝑝𝑝𝑝𝑝 𝑧𝑧)×𝑃𝑃(𝑙𝑙𝑙𝑙𝑙𝑙𝑝𝑝𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)]𝑤𝑤
𝑖𝑖=1

∑ (𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ 𝑝𝑝𝑙𝑙𝑝𝑝𝑖𝑖𝑝𝑝𝑝𝑝 𝑧𝑧)𝑤𝑤
𝑖𝑖=1

   (1) 

For a given source region j, there are a total of w different time periods z 
during which an equine could become infected, depending on the importation 
procedures implemented for source region j. These different periods z consist of 
the period before quarantine or during quarantine but before the first serological 
test, between the first and second serological test, between the second 
serological test and clinical inspection, between clinical inspection and 
embarkation (e.g. in a region j where only clinical exam is mandatory to export 
equine, there are 3 different periods z where equine can be infected: z = 1 before 
the clinical exam, z = 2 after the clinical exam, and z = 3 between clinical 
inspection and embarkation. In this case, the number of periods during which an 
equine can be infected w equals thus 3). After embarkation we assume, like in 
Faverjon et al. (Faverjon et al. 2015) and Fischer et al. (Fischer et al. 2016), that 
the equines cannot be infected. The importation measures are listed in Tables 8 
and 9. 

𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖) is the product of the probability of a vector in region j becoming 
infected in month m 𝑃𝑃(𝑖𝑖𝑒𝑒𝑖𝑖 _𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑖𝑖 ); the probability of a vector being transported 
post infection 𝑃𝑃 (𝑒𝑒𝑒𝑒𝑡𝑡𝑒𝑒𝑡𝑡𝑐𝑐𝑐𝑐𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖); and the probability of a Culicoides surviving 

transport from region j to region k 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑒𝑒𝑣𝑣𝑙𝑙𝑝𝑝𝑡𝑡𝑙𝑙𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖).  

𝑃𝑃(𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖) = 𝑃𝑃(𝑖𝑖𝑒𝑒𝑖𝑖_𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑖𝑖 ) × 𝑃𝑃 (𝑒𝑒𝑒𝑒𝑡𝑡𝑒𝑒𝑡𝑡𝑐𝑐𝑐𝑐𝑙𝑙𝑖𝑖𝑖𝑖𝑖𝑖) × 𝑃𝑃 (𝑡𝑡𝑐𝑐𝑒𝑒𝑣𝑣𝑙𝑙𝑝𝑝𝑡𝑡𝑙𝑙𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖) (2) 

The probability of infection 𝑃𝑃(𝑖𝑖𝑒𝑒𝑖𝑖 _𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖𝑖𝑖 ) is determined by the probability of 
disease occurrence and the prevalence of infectious vectors during an outbreak 
(Table 9).  

Model calculations and probability distributions are described in detail in 
Faverjon et al. for AHS and in Fischer et al. for EE, and provided as supplementary 
information. 

2. Parameters 

The models for AHS and EE entry differ only in the disease parameters. The 
parameters which differed are reported in Table 8 and Table 9. All other 
parameters are identical in both models.  
 



 

131 

 

Table 8: import procedure for African horse sickness and equine encephalosis for at risk 
countries. High risk countries = diseases are supposed to be endemic. Low risk countries = 
already had outbreaks and/or the main vector, Culicoides imicola, is present. Very low risk 
countries = all the other countries 

 African horse sickness Equine encephalosis 

Hi
gh

 ri
sk

 

Sub-Saharan countries 

Quarantine: 40 days. 2 ELISA tests with 
minimum 21 days and maximum 30 days 
between them (Sensitivity: Beta(60, 4), 
Specificity: Beta(62, 2)) based on (de Vos, Hoek, 
et Nodelijk 2012)).. Protection from vectors 
(efficacy Uniform(0.5,0.9)). Time to clinical 
inspection: day of embarkation 

Sub-Saharan countries 

Quarantine: 40 days. 2 ELISA tests 
with minimum 21 days and maximum 
30 days between them (Sensitivity: 1, 
Specificity: 1). Protection from vectors 
(efficacy Uniform(0.5,0.9)). Time to 
clinical inspection: day of 
embarkation 

Israel 

Quarantine: 40 days. No laboratory 
test. Vectors protection (efficacy 
Uniform(0.5,0.9)). Time to clinical 
inspection: day of embarkation 

Lo
w

 ri
sk

 

Regions that have experienced AHS outbreaks 
in the past and/or where the main vector, C. 
imicola, is present:  

- non EU countries 

Quarantine: 40 days. 2 ELISA tests with 
minimum 21 days and maximum 30 days 
between them (Sensitivity: Beta(60, 4) 
Specificity: Beta(62, 2)) based on (de Vos, Hoek, 
et Nodelijk 2012)).. No protection from vectors. 
Time to clinical inspection: day of embarkation 

Regions that have experienced AHS 
outbreaks in the past and/or where 
the main vector, C. imicola, is present: 

- non EU countries 

Quarantine: 40 days. No laboratory 
test. No protection from vectors. 
Time to clinical inspection: day of 
embarkation 

EU countries 

No quarantine. No laboratory test. No protection from vectors.Time to clinical inspection: 
at least 48h before embarkation 

Ve
ry

 lo
w

 ri
sk

 All the other non EU countries 

No quarantine. No laboratory test. No protection from vectors Time to clinical inspection: 
at least 48h before embarkation 

All other EU countries 

No quarantine. No laboratory test. No protection from vectors Time to clinical inspection: 
at least 48h before embarkation 
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Table 9: Parameters specific for each disease and used for African horse sickness and 
Equine encephalosis in the model of viruses entry.  

  African horse sickness Equine encephalosis 

Mortality rate for hosts Horse: 70%, Donkey: 10%, 
Zebra: 1% All equidae: 5% 

Length of viraemia (days) 

If animal dies:  
Horse: Gamma(20.25, 0.22), 
Donkey: 12, Zebra: 28 
 
If animal survives:  
Horse: Gamma(29.75, 0.20), 
Donkey: 28, Zebra: 40 

All equidae: Pert(7, 30) 
Mean 19 

Incubation period (days) Pert(2, 10)  Pert(2, 6)  

Time between infection and 
seroconversion (days) Uniform(10, 14) 

Uniform(length of 
incubation, length of 
viraemia) 

Rate of Culicoides 
infected in 
exporting country 

High risk 0.014 0.014  

Low risk  0.00014 0.00014 

High risk period 
(days) = time 
between virus 
introduction and 
the first formal 
detection 

Low risk  
2*Incubation period for AHS + 
time till next infectious blood 
meal based on 18°C 

70 days 

Very low 
risk 

2*Incubation period for AHS + 
time till next infectious blood 
meal based on 12°C 

70 days 

Probability of 
disease 
occurrence 

Low risk  
Gamma(AHS High risk period 
in Low risk region*15, 
1/(365*60)) 

Gamma(7*365, 
1/(365*47))  

Very low 
risk 

Gamma(AHS High risk period 
in Very Low risk region, 
1/(365*61))  

Gamma(EE High risk 
period in Very Low risk 
region, 1/(365*48))  

Cumulative 
incidence 

High risk 

Horse: Pert(4x10-6, 5.02x10-4, 
1x10-3)  
Donkey: 1.2x10-2 
Zebra: 1.6x10-2 

All equidae:  
1-exp(Uniform 
(0.29,0.67)) 

Low risk  2x10-4 0.0951 
Very low 
risk 2x10-4 0.0487 
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The parameters not related to the diseases, such as transport time, were 
identical to those defined in (Faverjon et al. 2015). For imports coming from non-
EU countries, time of transport tjk was assumed to equal 1 day for animals coming 
directly to France (mainly air travel) and 2 days for animals arriving via another EU 
country (initial air travel followed by land transport or subsequent air travel). For 
intra-EU trade, tjk was assumed to be one or two days (uniform distribution) 
because air and land transport are supposed to be used with equal frequency and 
France is assumed to be a maximum of 2 days away from everywhere else in the 
EU (Stevenson and Formosinho 2008). Efficiency of protection against vectors 
implemented before importation was modeled using a Uniform distribution 
between 0.5 and 0.9 (de Vos, Hoek, et Nodelijk 2012). The disease-specific 
parameters were, for AHS, those estimated by Faverjon et al. (Faverjon et al. 
2015) and, for EE, the parameters estimated by Fischer et al. (Fischer et al. 2016), 
except for the prevalence of infectious Culicoides in high and low risk countries. In 
Fischer et al. (Fischer et al. 2016), estimated the EEV infection rate in Culicoides to 
be between 0.014 and 0.015 by multiplying the rate for AHSV by 2.5 which is the 
ratio between the force of infection in equines of AHSV and EEV in South-Africa. 
However, we considered that the information available (Venter et al. 2000; Venter 
et al. 2002) is insufficient to justify a substantial difference between AHS and EE 
for this parameter. Therefore, in this study we assumed that the prevalence of 
infectious Culicoides was equal for AHS and EE.  

3. Input data 

To calculate the probability of virus release, the numbers of bovines and 
equines transported to France were obtained from TRACES, the TRAde Control 
and Expert System, which monitors the transport of animals and products of 
animal origin both into and within the EU. In our analysis, we only included 
animals whose final destination was France due to the difficulty of tracing animals 
only travelling through France.   

Horses, donkeys and zebras have marked differences in susceptibility to AHS 
infection (Mellor and Hamblin 2004) but not to EE infection (Dhama et al. 2014). 
Equine imports were thus grouped according to species to assess the probability 
of AHS entry and were grouped all together to assess the probability of EE entry. 
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4. What-if scenarios 

To evaluate the impact of manageable parameters on the probability of entry 
of AHS and EE into France, we used the average annual number of animals 
imported into France between 2010 and 2012 to evaluate different scenarios and 
compare them to the default scenario. Seven scenarios were tested: five tested 
the effects of changes to existing legislation, and two evaluated the consequences 
of changing import procedures from non-EU countries. A description of the 
scenarios is available in Table 10. 
 
Table 10: Description of the scenarios tested. Scenarios 1 to 5 changed the existing 
legislation, scenarios 6 to 7 changed imports from third countries. 
Scenario 1 Quarantine period of 60 days instead of 40 

Scenario 2 Quarantine period of 20 days instead of 40 

Scenario 3 

Same regulation implemented in low risk EU state than in low risk non-
EU state 

1. AHS: Quarantine of 40 days, 2 ELISA tests with minimum 21 
days and maximum 30 days between them (Sensitivity: Beta(60, 4) 
Specificity: Beta(62, 2)), no vectors protection, and clinical 
inspection the day of embarkation. 

2. EE: Quarantine of 40 days, no laboratory test, no vector 
protection, and clinical inspection the day of embarkation. 

Scenario 4 No serological test implemented 

Scenario 5 Vector protection implemented on all animals coming from low risk area 

Scenario 6 No legal importation from high risk regions 

Scenario 7 No legal importation from low risk regions and non-EU states 

5. Calculations 

Model calculations were performed in Microsoft Office Excel 2010 with @Risk 
6.1 (Palisade Corporation 2013); 10,000 iterations were run. Analyses were 
performed on a monthly and regional basis for three consecutive years (2010-
2012) in France. The sensitivity analysis tool in @Risk was used to evaluate the 
impact of stochasticity and uncertainty in the input parameters on model results. 
The correlations between the values of the input parameters and the pathway-
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specific probabilities of introduction were calculated (Spearman’s rank correlation 
coefficients).  

The sensitivity of the model to input parameter values could be expected as 
very similar across all regions and months. Consequently, we chose to focus our 
sensitivity analysis on the combinations of region and time period that were 
associated with the highest levels of probability of entry and uncertainty. 

 

C. RESULTS 

1. Spatiotemporal probability of entry 

The probabilities of AHS and EE entry into France were evaluated and 
compared for two routes of virus entry: an infectious host imported via legal 
horse trade (PW-host) and an infectious vector imported via the large animal 
trade (PW-vector). The overall annual median probability of EE entry in France 
was much higher than that of AHS for both pathways and for each of the three 
years (2010-2012) considered (EE: PW-host = 0.9 and PW-vector = 0.1, AHS: PW-
host = 3x10-3 and PW-vector = 1.4 x10-2 to 3.6x10-2). The most likely route for virus 
entry differed for the two diseases: for AHS, imported infectious vectors were the 
most likely cause of virus entry into France, while for EE, infectious hosts 
represented the most at-risk route of entry (see Figure 19).  

Seasonal effects were similar for both diseases, with a lower-risk period from 
January to June. This was due to the assumption that the low-risk and very-low-
risk regions (i.e. the exporting regions) were considered unlikely to experience 
AHS and EE outbreaks during this period while animal import from high-risk 
regions is rare in general (see Figure 19).  

Probability of entry varied greatly across space and time (see for example 
Figure 20 and Figure 21) but, over the three years considered, some areas 
consistently had a higher probability of virus entry, e.g., the southern and north-
western regions of France. These areas were the most at-risk for both diseases 
and both entry pathways (see Figure 22).  
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Figure 19: Median probability of EE and AHS viruses entry into France through import of 
infectious hosts (in red) or vectors (in black). 
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Figure 20: Median probabilities of viruses entry via an infectious host. Example of the year 
2012.    

 
Figure 21: Median probabilities of viruses entry via an infectious vector. Example of the 
year 2012. 
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Figure 22: Median value of the yearly probabilities of entry over the three years (2010-
2012) considered and when entry via an infectious host and via an infectious vector is 
considered together. 

2. Sensitivity analysis 

The parameters with the greatest impact on the output differed between 
diseases and pathways. Considering the viruses entry through an infectious host, 
the two most important parameters for AHS were the incubation period in horses 
and the probability of outbreak occurrence in low risk countries, while for EE the 
probability of outbreak occurrence in low risk countries was also important, and 
the time before seroconversion came up second. Considering the viruses entry 
through an infectious vector, the two most important parameters for AHS were 
the day of Culicoides infection in low risk countries and, again, the probability of 
outbreak occurrence in low risk countries, and for EE the day of Culicoides 
infection in low risk countries and the day of Culicoides transportation from low 
risk countries. A summary of the input parameters with the greatest influence on 
the results is presented in Figure 23 and Figure 24.  
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Figure 23: Correlation of the model input parameters with the probability of entry of AHS 
and EE via an infectious host. Results are presented for Basse Normandie in July 2012. 
Only input parameters with at least one correlation ≥ |0.1| have been included in the 
table. Parameters with black star are the uncertain parameters. The others are the 
variable parameters.    

 

 
Figure 24: Correlation of the model input parameters with the probability of entry of AHS 
and EE via an infectious vector. Results are presented for Basse Normandie in July 2012. 
Only input parameters with at least one correlation ≥ |0.1| have been included in the 
table. Parameters with black star are the uncertain parameters. The others are the 
variable parameters. 
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3. What-if scenarios 

The what-if scenarios tested had similar effects on both diseases when the 
routes of introduction were considered separately (Table 11). For example, the 
probability of importing an infectious vector consistently decreased when 
systematic vector control was implemented during quarantine (a change of more 
than - 40% for both diseases). Instead, changes in the length of the quarantine 
period and the use, or not, of laboratory tests had only minor impacts on the 
probability of introducing an infectious host. Although the impact of the what-if 
scenarios was broadly similar for AHS and EE (again, when considering each route 
of introduction separately) one difference should be pointed out: a strategy of 
prohibiting imports from high-risk regions was much more successful in 
controlling AHS risk than EE risk. This was due to the differences in impact of the 
routes of introduction. In this scenario, the probability of importing an infectious 
vector decreased by 44.26% for AHS and by 8.92% for EE, and the probability of 
importing an infectious host decreased by 3.29% for AHS and 0.02% for EE.  

 
Table 11: Change (in %) on median probabilities of viruses entry to France for “what if” 
compared to the default scenarios. 

 African horse sickness Equine encephalosis 
Infectious 

host 
Infectious 

vector 
Overall 

risk 
Infectious 

host 
Infectious 

vector 
Overall 

risk 
Quarantine period of 
60 days instead of 40 -1.74 0 0.00 -0.17 0 -0.15 

Quarantine period of 
20 days instead of 40 +2.24 0 +0.52 +0.05 0 +0.04 

Same regulation 
implemented in Low 
risk EU state than in 

low risk non-EU state 

-49.30 0 -6.69 -42.68 0 -37.99 

No serological test 
implemented +0.13 0 +0.22 +0.07 0 +0.06 

Vector protection 
implemented on all 

animals coming from 
low risk area 

0 - 44.65 -52.27 0 - 66.71 -0.23 

No importation from 
high risk region -3.29 -44.26 -38.28 -0.02 -8.92 -0.05 

No importation from 
low risk region and 

non-EU states 
-2.19 -1.02 -0.98 -0.16 -0.77 -0.15 
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When both entry pathways were considered jointly, the impact of the what-if 
scenarios on the overall probability of disease entry differed between AHS and EE. 
For example, when testing implementation of regulations in all low-risk countries, 
the overall probability of AHS introduction decreased by 6.69% while the 
probability of EE introduction decreased by 37.99%. Similarly, the systematic 
implementation of vector control on animals coming from low-risk countries had 
a greater impact on AHS risk than on EE risk (-52.27% for AHS and only -0.23% for 
EE). The most influential protective measures were therefore disease-specific. To 
reduce the probability of AHS introduction, the most efficient protective measure 
was to implement vector protection on all animals coming from low-risk regions. 
To reduce the probability of EE introduction, the most effective measure was to 
implement the same regulation in all low-risk regions: quarantine before import 
for horses coming from both EU and non-EU countries, which resulted in a 37.99% 
reduction in the overall probability.  

 

D. DISCUSSION 

The probabilities of entry for AHS and EE into France had similar seasonal and 
geographical patterns. For both diseases, the highest-risk period was from July to 
December. The regions most susceptible to AHS and EE entry were the southern 
and northwestern regions of France. Mediterranean and northwestern regions of 
France have also been pointed out as being at risk for the entry of other equine 
vector-borne viruses such as Eastern equine encephalomyelitis, Western equine 
encephalomyelitis, Venezuelan equine encephalitis and Japanese encephalitis 
viruses (Durand et al. 2013). Moreover, the Mediterranean region has faced 
regular West Nile virus outbreaks over the past decades (Bahuon et al. 2015; Di 
Sabatino et al. 2014). The climate in this region is favorable to mosquito 
populations and, thus, this region is considered especially at risk for the 
emergence of vector-borne infections in equids. In contrast to the results from 
Durand et al. (Durand et al. 2013), the southwest regions of France seem more 
specifically at risk for AHS and EE. Such regional differences might be explained by 
differences in animal species involved in viruses entry (i.e., horses and cattle in 
our work, and horses, birds, and exotic pets in Durand et al. (Durand et al. 2013)) 
and in high risk exporting countries (i.e., mainly Africa and Mediterranean 
countries in our work, and mainly America and Asia in Durand et al. (Durand et al. 
2013)). Our results highlighted important spatiotemporal variations of the risk 
within France, and, in line with similar studies (Martínez-López et al. 2011; 
Martínez-López et al. 2008; Mur et al. 2012; Brown et al. 2012), emphasize the 
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importance of performing spatiotemporal risk analysis when developing efficient 
surveillance systems and optimizing control measures. 

To our knowledge, apart from the work conducted by Durand et al.  (Durand 
et al. 2013), this is the first time that the risk of vector-borne diseases’ entry is 
quantitatively compared using similar models. This approach appears to be 
especially relevant for identifying similarities and differences in the impact of 
various parameters on the biology of closely-related diseases. Our study showed 
that the probabilities of AHS and EE entry into France differed in magnitude, with 
EE risk being much higher than AHS risk, as was already highlighted for the 
Netherlands (Fischer et al. 2016). The main contributors to virus introduction also 
differed between diseases. For AHS, the most important pathway for virus entry 
was through an infectious vector, but for EE, the entry of an infectious host was 
the most important contributor to the overall probability. These patterns were 
due to the less-strict trade regulations concerning EE (i.e. no serological tests in 
low-risk non-EU states), the higher probability of EE occurrence in low-risk regions 
(median value 0.14) compared to AHS (median value 0.016), the difficulties in 
detecting EE symptoms during clinical inspection, and longer high-risk periods for 
EE, which can be explained by the longer asymptomatic period of EE, during which 
time the disease is not reported in the exporting country.  

Most of parameters estimations for AHS and EE have been already widely 
discussed respectively in (Faverjon et al. 2015) and (Fischer et al. 2016). These 
estimations were based on the knowledge currently available for AHS and EE, but 
some parameters have been modified to ensure that differences estimated 
between diseases reflect a true biological difference, and thus a true difference in 
term of probabilities of entry. In particular, estimations of the prevalence of 
infectious vector in exporting countries were based in both studies on sparse 
data. We thus considered that the differences found for this parameter did not 
reflect a true biological difference between AHS and EE, and this parameter was 
estimated in our study as equal for both diseases. Other parameters differ 
between diseases and have an impact on our probability of viruses’ entry. 
According to our sensitivity analysis, the probabilities of outbreaks occurrence in 
low and very low risk countries had the biggest high impact on our results. This 
parameter was estimated based on AHS and EE outbreaks reported in low and 
very low risk countries. For AHS, these probabilities were assessed using a large 
amount of data. For EE, only data from Israel were available. The Israeli situation 
may not reflect the situation in all low risk countries and our probability of disease 
occurrence in low and very low risk countries could be badly estimated. However, 
according to the difficulties in detecting EE symptoms, we believe that the 
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probability to have an unnoticed outbreak of EE in a country is higher than the 
probability to have an unnoticed AHS outbreak. Thus, the uncertain estimation of 
this parameter does not have a major impact on our conclusion.   

Differences in virus main entry pathways between AHS and EE have important 
consequences for disease control. Differences explain why the what-if scenarios 
tested had similar impact for a given route of introduction (e.g., vector protection 
always reduce the risk of viruses entry via an infectious vector), but not on the 
overall probability of disease introduction (e.g., as the risk of viruses entry via an 
infectious vector is the main contributor to the overall probability of AHS entry 
(but not for EE), using vector protection decrease much more the overall 
probability of AHS entry than the overall probability of EE entry). To specifically 
decrease the probability of AHS entry, the most efficient measure was to 
implement vector protection on all animals coming from low risk areas, while 
implementation of the same regulation in low-risk EU states as in low-risk non-EU 
states was the most efficient to decrease the probability of EE entry. To 
specifically decrease the probability of importing an infectious host, the most 
efficient measure for both diseases was to implement the same regulations in all 
low-risk countries. This pattern can be explained by the fact that relatively few 
horses are imported into France from either high-risk or low-risk non-EU states 
(respectively 0.08% and 2.8% of the total number of imported horses to France) 
compared to the number of horses imported from low-risk EU states (34.4% of 
total imports to France). These results were consistent with those obtained by de 
Vos et al. (de Vos et al. 2012) and Fischer et al. (Fischer et al. 2016). To specifically 
decrease the probability of importing an infectious vector (i.e., major route of AHS 
entry), the most efficient measure was, as shown by Fischer et al. (Fischer et al. 
2016), the implementation of systematic vector control during quarantine, which 
is currently only mandatory for horses coming from high-risk areas.  

Our work could serve as a basis to implement risk-based surveillance for AHS 
and EE according to the most at risk regions and time periods identified. Our study 
clearly showed that France was at higher risk for EE.  Our study did, however, not 
take into account the assessment of the clinical, social and economic burden 
associated with EE or AHS outbreaks. This latter evaluation is important in 
allocating the limited resources for disease surveillance, considering that the 
consequences of AHS introduction would be more severe than for EE, given the 
severity of the disease.  

After recent emergences of Bluetongue and Schmallenberg viruses in northern 
Europe, AHS or EE could be the next emerging Culicoides-borne diseases in the 
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EU, as addressed by several scientists (Zimmerli et al. 2010; Carpenter 2014; 
MacLachlan and Guthrie 2010; Zientara et al. 2015). Our results suggest that it 
would be much more likely to have an entry of EE than of AHS. This is fully 
consistent with diseases’ biology: AHS has specific symptoms and the probability 
of not detecting its presence in an infected area is very low. In contrast, EE, like 
Bluetongue and Schmallenberg viruses, has a wide range of unspecific symptoms 
which complicate its monitoring and control. In this study, we did not calculate 
the probabilities of diseases establishment due to the limited amount of 
information available for differentiating AHS and EE especially in terms of vector 
susceptibility. Further work would be needed, however, we anticipate that the 
probability of EE establishment would be higher than for AHS due to longer 
viremia and incubation periods with EE (Mellor and Hamblin 2004; Wilson et al. 
2009; Lord et al. 2002). These results might appear contradictory with the fact 
that Europe never reported EE outbreaks (Dhama et al. 2014) while AHS caused 
major damages in the 1990s in Spain and Portugal (Rodriguez et al. 1992; Zientara 
et al. 2015). However, EE virus circulated in Israel for at least 10 years without 
being noticed due to the low severity of the disease and was only reported in 
2008-2009 due to the clustering of febrile cases (Aharonson-Raz et al. 2011). 
Moreover, EE is rarely tested in Europe and thus the virus could have been 
already introduced in the EU several times, but has remained unnoticed.  
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G. APPENDIX 

Preliminary definitions: 

- Tkm is the average monthly temperature during the month m in the area k 
- tAB duration of transport from region A to area B 
- e is defined as the day of embarkation (set the 12th of each month) 
- q is the length of quarantine  
- clin is the day of the clinical exam before embarkation  
- cf1 is the day when the first test is performed  
- cf2 is the day when the second test is performed 
- Se is the sensitivity of the CF test 
- Sp is the specificty of the CF test 
- Seclin is the sensitivity of clinical examination 
- Protvect is the efficiency of protection against vectors 
- Dtransp is the day of vector transportation after infection 
- Inftime is the period when a horse can be infected before the start of import 

procedure such as quarantine or clinical exam when there is no quarantine 
- HRP is the High risk period. Time between virus introduction and the first 

formal detection. 
- Dculi_inf is the day of vector becomes infected 
- CIijm is the cumulative monthly number of infectious hosts i in each departure 

area j  
- rjm is the prevalence of infected vectors during an outbreak in the region j the 

month m 
- POjm is the probability of disease occurrence in the region j the month m 
- Ini is the length of incubation period for equine i (days) 
- Viri is the length of the viraemic period for equine i 
- Seroi is the time to seroconvertion for equine i (days) 
- MRkm  is the mortality rate of the vector (days-1) 

All the parameters disease specific are described in the main text (see table 2). 
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1. Model calculation for PW-host 

Every calculus below is made for an equine from species i imported from an 
area j to the free area k the month m. The probability of entry for PW-host is the 
probability to import at least one infected host is P(relHijkm) and depends on the 
importation procedure implemented and the periods where a host is infected. 

For each category of exporting region, different import procedure are 
implemented and thus different periods z where a host can be infected. For a 
given region j, there is a total of w different time periods z where the equine can 
be infected depending on the import procedure implemented for the region j. The 
different periods z for each region j are presented below: 

- High risk countries: host can be infected 1) Before quarantine, 2) During 
quarantine but before the first serological test CF1, 3) During quarantine 
but between the both serological tests CF1 and CF2, 4) During quarantine 
but after CF2 and before clinical exam, or 5) After clinical exam. 

- Low risk countries: 
o Non EU country member: host can be infected 1) Before 

quarantine, 2) During quarantine but before CF1, 3) During 
quarantine but between CF1 and CF2, 4) During quarantine but 
after CF2 and before clinical exam, or 5) After clinical exam. 

o EU country member:  host can be infected 1) Before clinical exam, 
or 2) After clinical exam. 

- Very low risk countries: 
o Non EU country member: host can be infected 1) Before clinical 

exam, or 2) After clinical exam. 
o EU country member: host can be infected 1) Before clinical exam, 

or 2) After clinical exam. 

The probability of release by species i from region j to area k during a specific 
month m (P(relHijkm)) is thus calculated as: 

P(relAijkm) = ∑ [(length period z)×P(relAijkmz)]w
z=1

∑ (length period z)w
z=1

 

Where 𝑃𝑃(𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑧𝑧) is the probability of release when the animal i is infected 
during the time period z. 

P(relAijkmz) is calculated for each period z as: 
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P(relAijkmz) = P(infijmz) × P(virijmz) × (1 − P(CF1iz)) × (1 − P(CF2iz)) × (1
− P(clinijmz)) × (1 − P(transijkz))  

 𝑷𝑷(𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊) = Probability for a host to be infected during period z in the 1.1.
month m in area j  

The probability of infection during a certain period z (before or during the 
import procedure) depends on the fraction of this period z spend in each of the 
months m, m-1 and m-2. 
a. No quarantine and CF test are required 
Entire period of being at risk of infection is the high risk period (HRP).  
 Probability that the imported host is infected before clin  
If HRP < e 
= POjm × CIm 

 
If HRP > e  
 If HRP < 30 + e 
 = POjm

HRP  × [CIm  × e + CIm−1 × (HRP −  e)]  
  
If HRP > 30 + e 
 = POjm

HRP  × [CIm × e +  CIm−1 × 30 + CIm−2 × (HRP − 30 − e)] 
 Probability that the imported host is infected after clin  
= POjm × CIm 
b. Quarantine and CF tests required 
 
 Probability that the imported host is infected before q   
If q – e < 30 

=
POjm

Inftime
 × [CIm−1 × (30 − q + e) + CIm−2 × (Inftime − (30 − q + e))] 

 
If q – e > 30 

=
POjm

Inftime
 × [CIm−2 × (60 − q + e) + CIm−3 × (Inftime − 60 + q − e)] 

 Probability that the imported host is infected between q and cf1   
If e – cf1 < 0 
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If q > 30 + e

=
(1 − Protvect) × POjm

q − cf1  × [CIm−1 × (30 − cf1 + e) + CIm−2 × (q − 30 − e)] 

 
If q < 30 + e
= (1 − Protvect) × POjm × CIm−1 
 
if e – cf1 > 0 
 if q > 30 + e 

 = (1−Protvect) × POjm
q−cf1  × [CIm × (e − cf1) + CIm−1 × 30 + CIm−2 × (q −

30 − e)] 
 
 if q < 30 + e 

=
(1 − Protvect)  ×  POjm

q − cf1  × [CIm × (e − cf1) + CIm−1 × (q − e)] 

   
 Probability that the imported host is infected between cf1 and cf2   
If e < cf2 

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm−1 × (30 − cf2 + e) + CIm−2 × (cf1 − 30
− e)] 

 
If e > cf2 
 if cf1 > 30 + e 

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm × (e − cf2) + CIm−1 × 30 + CIm−2 × (cf1
− 30 − e)] 

 
if cf1 < 30 + e  

=
(1 − Protvect)  ×  POjm

cf1 − cf2  × [CIm × (e − cf2) + CIm−1 × (cf1 − e)] 

 
 Probability that the imported host is infected after cf2  
If e < cf2

 = (1−Protvect) × POjm
cf2  × [CIm × e + CIm−1 × (cf2 − e)] 

 
If e > cf2 
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= (1 − Protvect )  ×  POjm × CIm  
 𝑷𝑷(𝒗𝒗𝒗𝒗𝒗𝒗𝒗𝒗𝒊𝒊𝒊𝒊𝒊𝒊) = Probability for a host to be vireamic or incubating when 1.2.

imported to area B given being infected 

 
Calculation is based on a constant viraemic and latent period, which is equal for 
each equine of species i.  
 
a. No quarantine and CF test are required 
 When infected before clin  
If In + Vir < tAB + clin 
= 0 
 
If In + Vir > HRP + tAB + clin 
= 1 
 
If In + Vir < HRP + tAB + clin 

= In + Vir − tAB
HRP − clin  

 
 When infected after clin  
If In > tAB + clin 
= 1 
 
If In < tAB + clin 
 If In + Vir > tAB + clin 
 = 1 
 
If In + Vir < tAB + clin

= In + Vir
tAB + clin 

 
b. Quarantine and CF tests required 
 When infected before q  
If In + Vir > Inftime + q + tAB 

= 1 
 
If In + Vir < q + tAB 
= 0 
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If In + Vir < Inftime + q + tAB 

= In + Vir − q − tAB
Inftime

 

 
 When infected between q and cf1  
If In + Vir > q + tAB 

= 1 
 
If In + Vir < cf1 + tAB 
= 0 
 
If q + tAB > In + Vir > cf1 + tAB  

= In + Vir − cf1 − tAB
q − cf1  

 
 When infected between cf1 and cf2  
If In + Vir > cf1 + tAB 

= 1 
 
If In + Vir < cf2 + tAB 
= 0 
 
If cf1 + tAB > In + Vir > cf2 + tAB  

= In + Vir − cf2 − tAB
cf1 − cf2  

 
 When infected after cf2  
If In + Vir > cf2 + tAB 

= 1 
 
If In + Vir < tAB 
= 0 
 
If cf2 + tAB > In + Vir > tAB  

= In + Vir − tAB
cf2  

 𝑷𝑷(𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒊𝒊𝒊𝒊𝒊𝒊) = Probability for an infected host to be detected during 1.3.
importation procedure  
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a. No quarantine and CF test are required 
Probability to be detected during importation procedure = Probability to be 
detected by clinical inspection 
 When infected before clin  
If In > HRP – clin  
= 0 
 
If In < HRP – clin 
If In + Vir < HRP – clin

= Vir × Seclin
HRP − clin 

  
If In + Vir > HRP – clin

= (HRP − clin − In) × Seclin
HRP − clin  

 
 When infected after clin  
= 0 
  
b. Quarantine and CF tests required 
 

i. 𝑃𝑃(𝐶𝐶𝐶𝐶1𝑖𝑖𝑖𝑖) = Probability for an infected host to be detected by cf1  
 When infected before q  
if q – cf1 < Sero 
= Se 
 
If Inftime + q – cf1 < Sero 
= 1 – Sp 
 
If Inftime + q – cf1 > Sero 

= (Inftime − Sero + q − cf1) × Se
Inftime

+ (Sero − q + cf1) × (1 − Sp)
Inftime

 

 
 When infected between q and cf1  
If q – cf1 < Sero 
= 1 – Sp 
 
if q – cf1 > Sero 
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= (q − cf1 − Sero) × Se
q − cf1 + Sero × (1 − Sp)

q − cf1  

 
ii. 𝑃𝑃(𝐶𝐶𝐶𝐶2𝑖𝑖𝑖𝑖) = Probability for an infected host to be detected by cf2 

Assumption: cf1 and cf2 are independent 
 
 When infected before q  
if q – cf2 > Sero 
= Se 
 
If Inftime + q – cf2 < Sero 
= 1 – Sp 
 
If Inftime + q – cf2 > Sero 

= (Inftime − Sero + q − cf2) × Se
Inftime

+ (Sero − q + cf2) × (1 − Sp)
Inftime

 

 
 When infected between q and cf1  
if q – cf2 < Sero 
= 1 – Sp 
 
If q – cf2 > Sero 
 If cf1 – cf2 > Sero 
 = Se 
 
 If cf1 – cf2 < Sero 

= (q − cf2 − Sero) × Se
q − cf1 + (Sero − cf1 + cf2) × (1 − Sp)

q − cf1  

 
 When infected between cf1 and cf2  
if cf1 – cf2 < Sero 
= 1 – Sp 
 
If cf1 – cf2 > Sero 

= (cf1 − cf2 − Sero) × Se
cf1 − cf2 + Sero × (1 − Sp)

cf1 − cf2  
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iii. P(clin) = Probability for an infected host to be detected by clinical 
inspection  
 When infected before q  
If In + Vir < q – clin or In > Inf_time + q – clin 
= 0 
 
If In + Vir > Inf_time + q – clin 
 If In < q – clin 
 = Seclin 

 
If In > q – clin

= (In − q + clin) × Seclin
Inftime

 

  
If Inf_time + q – clin > In + Vir > q – clin 
If In < q – clin

= (In + Vir − q + clin) × Seclin
Inftime

 

 
If In > q – clin

= Vir × Seclin
Inftime

 

 
 When infected between q and cf1  
If In + Vir < cf1 – clin or In > q – clin 
= 0 
 
If In + Vir > q – clin 
 If In < cf1 – clin 
 = Seclin 

 
If In > cf1 – clin

= (In − cf1 + clin) × Seclin
q − cf1  

 
If q – clin > In + Vir > cf1 – clin 
If In < cf1 – clin

= (In + Vir − cf1 + clin) × Seclin
q − cf1  
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If In > cf1 – clin

= Vir × Seclin
q − cf1  

 
 When infected between cf1 and cF2  
If In + Vir < cf2 – clin or In > cf1 – clin 
= 0 
 
If In + Vir > cf1 – clin 
 If In < cf2 – clin 
 = Seclin 

 
If In > cf2 – clin

= (In − cf2 + clin) × Seclin
cf1 − cf2  

 
If cf1 – clin > In + Vir > cf2 – clin 
If In < cf2 – clin

= (In + Vir − cf2 + clin) × Seclin
cf1 − cf2  

 
 If In > cf2 – clin 
= Vir ×Seclin

cf1−cf2   
 
 When infected after cf2  
If In > cf2 – clin 
= 0 
 
If In < cf2 – clin 
 If In + Vir > cf2 – clin 
 = (cf2− clin−In)× Seclin

cf2−clin  
 
If In + Vir < cf2 – clin 

= Vir ×  Seclin
cf2 − clin  
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 𝑷𝑷(𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊) = Probability for an infected host to be detected during 1.4.
transport from A to B given having passed the examinations and testing prior to 
embarkation. 

a. No quarantine and CF test 
 When infected before clin  
If In > HRP + tAB - clin 
= 0 
 
If In < HRP + TAB - clin 
 If In + Vir < HRP – clin  

= Vir ×  Seclin
HRP − clin  

 
 If In + Vir > HRP – clin  

= (HRP − clin + tAB − In) ×  Seclin
HRP − clin  

 
 When infected after clin 
If In > tAB + clin 
= 0 
 
If In < tAB + clin 
 If In + Vir < clin + tAB   

= Vir ×  Seclin
tAB − clin  

 
 If In + Vir > clin + tAB  

= (clin + tAB − In) ×  Seclin
tAB − clin  

 
b. Quarantine and CF tests required 
 When infected before q  
If In + Vir < q + tAB or In > Inf_time + q + tAB 
= 0 
 
If In + Vir > Inf_time + q + tAB 
 If In > q + tAB   
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= (In − q − tAB) ×  Seclin
Inftime

 

 
 If In < q + tAB 

= Seclin 

 
If Inf_time + q + tAB > In + Vir > q + tAB 
 If In > q + tAB 

= Vir ×  Seclin
Inftime

 

 

If In < q + tAB 

= (In − q − tAB) ×  Seclin
Inftime

 

 
 When infected between q and cf1  
If In + Vir < cf1 + tAB or In > q + tAB 
= 0 
 
If In + Vir > q + tAB 
If In > cf1 + tAB  

= (In − cf1 − tAB) ×  Seclin
q − cf1  

 
 If In < cf1 + tAB 

= Seclin 

 
If q + tAB > In + Vir > cf1 + tAB 
 If In > cf1 + tAB 

= Vir ×  Seclin
q − cf1  

 

If In < cf1 + tAB 

= (In + Vir − cf1 − tAB) ×  Seclin
q − cf1  

 
 When infected between cf1 and cf2  
If In + Vir < cf2 + tAB or In > cf1 + tAB 
= 0 
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If In + Vir > cf1 + tAB 
 If In > cf2 + tAB  

= (In − cf2 − tAB) ×  Seclin
cf1 − cf2  

 
 
 If In < cf2 + tAB 

= Seclin 

 
If cf1 + tAB > In + Vir > cf2 + tAB 
 If In > cf2 + tAB 

= Vir ×  Seclin
cf1 − cf2  

 

If In < cf2 + tAB 

= (In + Vir − cf2 − tAB) ×  Seclin
cf1 − cf2  

 
 When infected after cf2  
If In > cf2 + tAB 

= 0 
 
If In < cf2 + tAB 

  If In + Vir > cf2 + tAB 

= (cf2 + tAB − In) ×  Seclin
cf2  

 
If In + Vir > cf2 + tAB 

= Vir ×  Seclin
cf2  

2. Model calculation for PW-vector 

The probability to enter a single vector from j to k during the month m is defined 
as: 

P(relBjkm) = P (transculijm) × P (survtransjkm) × P(inf _culijm ) × ntransjkm 
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 𝑷𝑷(𝒊𝒊𝒊𝒊𝒊𝒊 _𝒄𝒄𝒄𝒄𝒄𝒄𝒊𝒊𝒋𝒋𝒋𝒋) = Probability for a vector to be infected the month m in 2.1.
area j  

P(inf _culijm) = POjm × rjm 

 𝑷𝑷 (𝒕𝒕𝒕𝒕𝒕𝒕𝒊𝒊𝒔𝒔𝒄𝒄𝒄𝒄𝒄𝒄𝒊𝒊𝒋𝒋𝒋𝒋) = Probability for a vector to be transported after infection 2.2.
from area j  

Only a vector which is infected and transported poses a risk, therefore we only 
consider those vectors that are infected and transported during their life time. We 
assume that an infected vector will be infected at a uniformly distributed time 
during its life, Dinf. Additionally, we assume that a vector is transported at a 
uniformly distributed moment during its life time, which is exponentially 
distributed with mean 1/MRjm. The probability that the moment of transportation 
occurs after the infection event is equal to the part of the total lifetime of the 

vector that it is infected. Thus P (transculijm) is estimated, as made by Napp et al. 

[1], as: 

P (transculijm) =
(1/MRjm − Dinf)

1/MRjm
= 1 − Dinf MRjm 

 

NB: Temperature in departure area j was assumed to be constant over months 
and thus MRjm is here also constant over months. 

 

 𝑷𝑷 (𝒔𝒔𝒄𝒄𝒕𝒕𝒗𝒗𝒕𝒕𝒕𝒕𝒕𝒕𝒊𝒊𝒔𝒔𝒋𝒋𝒋𝒋𝒋𝒋) = Probability for a vector to stay alive from j until the 2.3.
arrival in area k during the month m 

The conditions during travel (e.g. temperature) are assumed to not affect the 
viability of culicoides except when pest control is applied (worst case scenario). 
There is no data available on survival rate of culicoides in an unfavorable context 
as assumed to occur during transport. Moreover the conditions during transports 
have a high variability and information are impossible to collect.  
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The probability to stay alive until the arrival is the probability to survive until 
transport and during the time of transport.  

P (survtransjkm) = e−MRjm×(Dtrans+tjk) × (1 − Protvect) 
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ABTRACT 

West Nile virus is a growing public health concern in Europe and there is a 
need to develop more efficient early detection systems. Nervous signs in horses 
are considered to be an early indicator of WNV and, using them in a syndromic 
surveillance system, might be relevant. In our study, we assessed whether or not 
data collected by the passive French surveillance system for the surveillance of 
equine diseases can be used routinely for the detection of WNV. We tested 
several pre-processing methods and detection algorithms based on regression. 
We evaluated system performances using simulated and authentic data and 
compared them to those of the surveillance system currently in place. Our results 
show that the current detection algorithm provided similar performances to those 
tested using simulated and real data. However, regression models can be easily 
and better adapted to surveillance objectives. The detection performances 
obtained were compatible with the early detection of WNV outbreaks in France 
(i.e., sensitivity 98%, specificity above 94%, timeliness 2,5 weeks and around 4 
false alarms per year) but further work is needed to determine the most suitable 
alarm threshold for WNV surveillance in France using cost-efficiency analysis.  
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A. INTRODUCTION 

West Nile virus (WNV) is a mosquito-borne arbovirus belonging to the genus 
Flavivirus (family Flaviviridae). Main reservoir hosts are birds but the virus also 
infects various species including horses and humans, with dramatic consequences 
for public health and for the equine industry due to potentially fatal encephalitis 
[1], [2]. Since the discovery of WNV in 1937 in Uganda [3], the geographic 
distribution of the virus has widely expanded [1,4]. In Europe, WNV was first 
recognized in 1962 in France. Several outbreaks have since been documented in 
many European countries [5],and increasingly so in Southern and Eastern Europe 
(e.g., Italy, Greece, Bulgaria, Croatia, Serbia, Albania)[6], resulting in  the virus 
now being considered endemic in large parts of Europe. 

The recent introduction of Lineage 2 in Europe [7]–[9] resulted in more severe 
clinical cases in humans [10] and contributed to WNV becoming a growing public 
health concern in Europe in general, and in France in particular.  French outbreaks 
occurred between 2000 and 2006 when a total of 114 confirmed equine cases and 
4 confirmed human cases were reported [11]-[14]. In summer 2015, new WNV 
confirmed cases were reported in southern France in 49 horses and 1 human [15]. 
In most countries, including France, the surveillance of WNV is mainly passive (i.e., 
examination of clinically affected cases of specified diseases only in the 
population). However, the performance of passive surveillance systems suffers 
from frequent under-reporting especially for the surveillance of exotic diseases 
which have a low probability of occurrence [16]. This may result in a failure to 
identify the disease and thus, the main challenge in improving early detection of 
WNV outbreaks is the development of more efficient early detection systems for 
limiting the consequences of a WNV outbreak in both equine and human 
populations.  

Syndromic surveillance is defined as the (near) real-time collection, analysis, 
interpretation and dissemination of non-specific health-related data to enable the 
early identification of potential threats like a disease[17]. Nervous syndromes in 
horses are considered to be an early indicator of WNV outbreaks [18,19] and, 
using them in a syndromic surveillance system, might be one of the most cost-
effective surveillance systems in the European context [20]. In France, the passive 
French surveillance system ‘RESPE’, the French network for the surveillance of 
equine diseases (http://www.respe.net/), collects declarations from veterinary 
practitioners registered as sentinels throughout France. Data on nervous signs 
observed in French horses have been collected since 2006. More than 550 
sentinel veterinarians are involved, providing coverage of 92 out of 96 French 
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regions. The veterinarians fill out a standardized questionnaire online and send 
standardized samples for laboratory diagnosis. Diagnostic tests for West Nile virus 
(WNV), equine herpes virus serotype 1 (EHV-1), and other types of herpes viruses 
(EHV-sp) [21] are systematically implemented for each declaration of nervous 
signs. Using routinely collected RESPE data in an early detection surveillance 
system could lead to the timelier implementation of protective measures before 
laboratory test results. Currently, the collected RESPE data on nervous signs are 
mainly used to produce alerts when cases with positive laboratory diagnoses are 
identified. The data are also used for basic syndromic surveillance: an alarm is 
triggered when four declarations are reported in the same week, or three 
declarations reported each week for two consecutive weeks. This alarm threshold 
was set arbitrarily and alarms may result in the initiation of epidemiological 
investigations depending on the context of the declarations. However, the 
reliability of this threshold has never been assessed and the ability of the RESPE 
nervous syndrome database to serve as a routine syndromic surveillance system is 
currently unknown.  

Our objective in this study was to assess whether or not RESPE data can be 
used as a routine syndromic surveillance system for the detection of WNV 
outbreaks in France testing several pre-processing methods and detection 
algorithms to model time series data. We evaluated system performances using 
simulated and authentic data and compared them to those of the surveillance 
system currently in place.  

 

B. METHODS 

1. Data characterization 

In the RESPE database, nervous signs in horses are defined as any signs of 
impairment of the central nervous system, i.e. ataxia, paresis, paralysis and/or 
recumbency, and/or behavioral disorder. Cases, or an unusual cluster of cases, 
with “atypical” expression (colic, lameness, excitement, falling, muscular atrophy) 
can also be considered after the most common etiologies for these symptoms 
have been excluded. These signs can indeed be the clinical manifestation of a 
central nervous system disease. Nervous disorders with evidence of traumatic or 
congenital origins are excluded. Data on nervous symptoms in horses were 
available from RESPE for every calendar day from January 1st, 2006 to October 
16th, 2015, totaling 653 declarations. However, in the remainder of the study, the 
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time series was aggregated into weekly counts due to the low per-day count. 
Monthly aggregation was not considered, as the main objective of this 
surveillance system was early detection. Tests for WNV and EHV are routinely 
carried out on horses that present nervous symptoms, and the database contains 
positive laboratory results mainly for EHV-1 but also some West Nile virus cases. 
The EHV-1 positive cases were either isolated cases – i.e. not associated with 
other positive cases – or from a cluster of cases that could represent a true 
outbreak.  

2. Models 

We split the data into three sets:  

 Set 1: data from 2006 to 2010 were used to train our models;  
 Set 2: data from 2011 to 2013 were used to validate our models, simulate 

nervous symptoms time series and evaluate detection performances 
using simulated time series and outbreaks;  

 Set 3: finally, raw data from 2014 and 2015 were used to evaluate 
detection performances using real data as if a syndromic surveillance 
system was implemented on the field based on models estimated using 
sets 1 and 2. WNV outbreak occurring in France in autumn 2015 [15] was 
used to test our system with a real outbreak. 

 Data cleaning (set 1) 2.1.

The raw time series from 2006 to 2010 was called TS0. We investigated three 
methods for the removal of aberrations present in TS0 in order to obtain an 
outbreak-free baseline. In the first method, we retained only the 452 cases with 
no positive laboratory results (TS1). The second method consisted of removing all 
data linked to historical EHV-1 outbreaks, based on information from the RESPE 
website (TS2). This method did not remove single positive cases but only the 
positive cases associated with a cluster of other positive cases. In our third 
method, extreme values from TS0 were removed using the approach of Tsui and 
colleagues [22], which assumes that, after the data have been fitted to a 
regression model, data points above the 95% confidence interval of the model 
prediction represent an outbreak (TS3). The authors used Serfling’s regression 
model [23], which is a linear regression model that uses sine and cosine terms to 
account for seasonal variation. With our own data, we followed the proposal of 
Dórea and colleagues [24] and used a Poisson regression, which they considered 
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an appropriate method to capture baseline activity while minimizing the influence 
of aberrations present in the dataset. The data were thus first fitted to a Poisson 
distribution (see model in appendix) and then values above the 95% confidence 
interval were removed. In TS1, TS2, and TS3, the values of the weeks considered 
to be part of an outbreak were not just removed but instead replaced by the 
average of the four previous weeks. The four time series are shown in Fgure 25. 

The explainable patterns (such as global linear trends and seasonality) were 
investigated in each time series (TS0, TS1, TS2, and TS3) in order to assess the 
impact of pre-processing methods on the dataset. We generated summary 
statistics by month and year, and performed moving average and auto-
correlogram analysis [25]. 

 Models training (set 1) and validation (set 2) 2.2.

Modeling was attempted using generalized linear regression models (GLMs) 
that were appropriate for count data (Poisson and negative binomial (NB) 
regressions) and Holt-Winters generalized exponential smoothing (HW). For GLMs 
the evaluated models included different types of seasonality through the use of 
sinusoid functions with 1, 2, or 3 periods/year and season or month as factorial 
variables. To account for differences between years, we also calculated the 
average counts over 53 consecutive weeks (histmean). To ensure that an ongoing 
outbreak would not influence the estimate, we used a 10-week guard band for 
the calculation of histmean. List of tested variables is available in appendix. 

Alternative generalized linear regression models were evaluated on the 
training data from 2006 to 2010 using the Akaike information criterion (AIC) [26]. 
For Holt-Winters, the optimal parameters were determined through minimization 
of the squared prediction error [27]. The best models were then evaluated and 
compared using the auto-correlation and partial auto-correlation functions of the 
residuals (ACF and PACF, respectively) and the root-mean-squared error (RMSE). 
ACF is the linear dependence of a variable on itself at two points in time and PACF 
is the auto-correlation between two points in time after removing any linear 
dependence between them [28]. ACF and PACF are used to find repeating 
patterns (e.g., seasons) in a dataset. RMSE is a measure of the difference between 
the values predicted by a model and the values actually observed from the 
environment that is being modeled [29]. This criterion was calculated for the 
differences between the observations and the predicted values within both the 
calibration period (RMSEc) from 2006 to 2010 and the validation period (RMSEv) 
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from 2011 to 2013. In either case, the lower the criterion, the better the 
predictive performance of the model. 

3. Outbreaks detection  

  Simulated baselines and outbreaks (set 2) 3.1.

We simulated 500 sets over 3 years. The model previously fitted to the raw 
historical baseline TS0 was used to predict value for each week of 2011, 2012 and 
2013. Then, for each of our simulated years, the weekly number of nervous cases 
was randomly sampled from a Poisson distribution with a mean defined by the 
previous predicted value. We simulated 500 WNV outbreaks based on historical 
data from five previous European outbreaks: French outbreaks in 2000 [13], 2004 
[18], 2006 [14], an Italian outbreak in 1998 [30], and a Hungarian outbreak in 
2008 [31]. The French outbreak in 2015 was preserved to evaluate detection 
performances using real data (set 3).The mean weekly count of nervous-symptom 
cases in horses was calculated from the five historical outbreaks for an outbreak 
period covering a total of 12 weeks, from the first positive case detected to the 
last positive case detected (see Figure 26). The weekly number of WNV cases of a 
simulated outbreak was randomly sampled from a Poisson distribution with a 
mean defined by the previous mean weekly count.Simulated outbreaks were 
randomly inserted in each set of 3 simulated years (see examples in Figure 27). A 
total of 1500 years containing a total of 500 outbreaks were evaluated.   

 Authentic baseline and outbreak (set 3) 3.2.

Raw data from 2014 and 2015 were used for the assessment of algorithms’ 
performances using authentic baseline and WNV outbreak going from week 33 to 
44 (Figure 28). Data from 2006 to 2013 were used to predict value for each week 
of 2014 and 2015. The three methods for the removal of aberrations previously 
tested were also applied to 2011, 2012 and 2013 in order to obtain complete 
outbreak-free baselines. These four new baselines from 2006 to 2013 were 
named TS0’, TS1’, TS2’ and TS3’according to the method used in previous 
paragraph for the removal (or not) of aberrations. Regarding WNV outbreak in 
autumn 2015 [15], only cases collected by RESPE were considered. Performances 
of our detection algorithm for this specific outbreak were assessed using the best 
alarm threshold previously identified with simulated data.  
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Figure 26: European West Nile virus outbreaks and nervous signs in horses. Number of 
confirmed cases per week between the first detected case and the last detected case. 
Dashed grey line = outbreak Italy 1998 [30], dotted black line = outbreak in France in 2004 
[18], solid black line = outbreak in France in 2000 [13], dashed black line = outbreak in 
France in 2006 [14], solid grey line = Hungarian outbreak in 2008 [31] 

 

 Detection algorithm 3.3.

All eight combinations of pre-processing and forecasting methods were 
evaluated on their ability to detect disease outbreaks: generalized linear 
regression models applied to TS0, TS1, TS2, and TS3; and Holt-Winters applied to 
TS0, TS1, TS2, and TS3. The outbreak detection method used was based on a 
multiple of the upper limit of the confidence interval of the prediction based on 
Serfling’s approach [23]. The alarm threshold was thus defined as the predicted 
number of cases in a given week plus a multiple of the standard error of the 
model prediction. If the actual observed value was above the threshold, an alarm 
was triggered. A six-week guard band was used to ensure that detection algorithm 
was not disturbed by the first weeks of outbreak signal. 
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Figure 28: Raw data from 2014 to 2015 with West Nile virus outbreak identified with 
dotted lines. 

The detection performances of the surveillance system currently in place were 
also evaluated using as detection algorithm the RESPE’s protocol: an alarm is 
triggered when four declarations are reported in the same week, or when three 
declarations are reported in each of two consecutive weeks. 

 Quantitative assessment 3.4.

We first calculated sensitivity based on the number of outbreaks detected out 
of all inserted outbreaks and denoted this Se_out. An outbreak was detected 
when it triggered at least one true alarm, defined as a week that produced an 
alarm and that was a part of an epidemic period. Se_out was calculated as: 

Se_out = Out / (Out + No_Out)  (Equation 1) 

where Out is the number of outbreaks detected and No_Out is the number of 
outbreaks not detected.  

We also calculated Se_wk, the sensitivity based on the number of weeks in an 
epidemic period in which an alarm was triggered. Se_wk and specificity (Sp) were 
calculated as:     Se_wk = TP / (TP+ FN) (Equation 2) 
                                Sp = TN / (TN + FP)   (Equation 3) 



 

174 

 

where TP is the number of true positive alarms, TN the number of true negative 
alarms, FP the number of false positive alarms, and FN the number of false 
negative alarms.  

A receiver operating characteristic (ROC) curve was generated in R by testing 
various alarm thresholds, and the area under each curve (AUC) was also 
calculated [32]. The time to the first true alarm within an epidemic period was 
also evaluated in order to assess the efficiency of early detection.  

4. Implementation 

Models were implemented in R x64 version 3.0.2 [33]. Dynamic regression 
was performed with the functions glm (package {stats}), glm.nb (package {MASS} 
[34]), and stlf (package {forecast} [35]). The expected numbers of counts at time t 
were estimated with the predict functions of the respective packages. The 
expected numbers of outbreak-related cases were estimated with the fitdist 
function of the package {fitdistrplus} [36]. AUCs were estimated with the auc 
function of the package {flux} [37].  

 

C. RESULTS 

1. Baseline characterization 

At the week level, all baselines showed a significant increasing number of 
declarations. However, this trend was mainly due to the first years of data 
collection.  A significant seasonal effect was also present in all time series: the 
number of declarations appeared highest in November, December, and January 
compared to other months. However, this seasonality was weak and principally 
apparent in the raw TS0 data, due to EHV-1 and EHV-sp outbreaks present in the 
dataset during the winters (see Appendix for details).  

2. Assessment of models 

The data from 2006 to 2010 for each time series were fitted to their 
respective appropriate regression model, using variables that accounted for 
seasonal effects. For the Poisson as well as the NB regression, the best fit was 
obtained for all time series with the simple model:  
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Number_of_cases ~ sin(2π*week/53) + cos(2π *week/53) + log(histmean)        (Equation 4) 

NB and Poisson regressions performed equally well for all time series, with the 
exception of TS0 (raw data), for which the NB model provided a better fit (AIC 749 
vs. 761).  

The details of differences between the smoothing performance of the best 
generalized linear models obtained and HW are presented in Appendix. In all 
regression methods used, TS0 produced the worst results, while TS1 generated 
the best fitting parameters. TS2 and TS3 yielded intermediary results, with better 
performances for TS3 than for TS2. 

3. Outbreak detection 

 Simulated data 3.1.

The results show that the AUCs of all methods and time series are small when 
the sensitivity used is based on the number of weeks within an epidemic period 
that produced an alarm (Se_wk) (see Table 12). This is consistent with the fact 
that first and last weeks within an epidemic period have very few cases which are 
difficult to detect. Using Se_wk, the ROC curves are similar between the different 
time series but the generalized linear model always outperformed the Holt-
Winters method (see Figure 29 and Table 12). 

By using instead the percentage of outbreaks detected (with at least one 
alarm) among all the outbreaks inserted (Se_out), the AUCs for all combinations 
of time series and methods improved to 0.98. The AUCs are similar for each pre-
processing and forecasting method but the ROC, AMOC and FROC curves show 
differences (see Figures 30, 31 and 32).  

The Holt-Winters method outperformed the generalized linear model in terms 
of detection performance using TS1 (i.e., better balance between sensitivity and 
specificity, and better balance between percentage of outbreaks detected and 
average number of false positive alarms per year), and the generalized linear 
model outperformed the Holt-Winters method using TS0, TS2 and TS3 (i.e., better 
balance between sensitivity and specificity, and better balance between 
timeliness and average number of false positive alarms per year). 
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With the Holt-Winters approach, the optimal balance between Se_out and 
specificity (Sp) was obtained when the alarm threshold equaled the upper limit of 
the confidence interval of the standard error of the model prediction multiplied 
by a constant close to 1.7 (Figure 29). This alarm threshold detected more than 
99% of the inserted outbreaks with an average time-to-detection of less than 3 
weeks, and it produced between 2 and 4 false positive alarms per year. The 
associated specificity was above 0.96. Alarm thresholds based on constants higher 
than 1.7 had a lower Se_out (around 80% of outbreaks detected) and needed 
more time to produce the first true alarm (> 3 weeks). With the generalized linear 
model, the optimal balance between Se_out and Sp was obtained when the alarm 
threshold equaled the upper limit of the confidence interval of the standard error 
of the model prediction multiplied by a constant between 2 and 2.5 (see Figure 
29). Exact value varies according to the time series considered but, to detect at 
least 98% of the inserted outbreaks with an average time-to-detection close to 3 
weeks, the associated specificity varied between 0.94 and 0.97 for a constant 
varying between 2.15 and 2.6 and a number of false positive alarms between 2 
and 4 per year. 

 
Table 12: Median value, 25th and 95th percentiles of the AUC (area under the receiver 
operating characteristic curve) estimated for each pre-processing and forecasting method 
using Se_wk or Se_out. Se_wk = sensitivity based on the detection of every week which is 
a part of an epidemic period, Se_out = sensitivity based on the number of outbreaks 
detected out of all inserted outbreaks. 

 

AUC TS0 TS1 TS2 TS3 

Se_out 
glm 0.988  

(0.987-0.988) 
0.985 

(0.983-0.986) 
0.988 

(0.987-0.988) 
0.988 

(0.987-0.988) 

HW 0.986 
(0.985-0.987) 

0.987 
(0.986-0.987) 

0.985 
(0.985-0.986) 

0.987 
(0.986-0.987) 

Se_wk 
glm 0.780 

(0.768-0.787) 
0.765 

(0.759-0.772) 
0.776 

(0.770-0.782) 
0.776 

(0.770-0.783) 

HW 0.750 
(0.744-0.757) 

0.755 
(0.750-0.760) 

0.747 
(0.741-0.754) 

0.753 
(0.747-0.759) 



 

 

177 

 

  

 Fi
gu

re
 2

9:
 R

O
C 

cu
rv

es
 fo

r e
ac

h 
pr

e-
pr

oc
es

sin
g 

an
d 

fo
re

ca
st

in
g 

m
et

ho
ds

 re
pr

es
en

tin
g 

m
ed

ia
n 

Se
_w

k 
(s

en
sit

iv
ity

 b
as

ed
 o

n 
th

e 
nu

m
be

r o
f w

ee
ks

 w
ith

in
 a

n 
ep

id
em

ic
 p

er
io

d 
de

te
ct

ed
), 

pl
ot

te
d 

ag
ai

ns
t m

ed
ia

n 
sp

ec
ifi

ci
ty

 S
p.

 E
rr

or
 b

ar
s s

ho
w

 th
e 

25
%

 a
nd

 7
5%

 
pe

rc
en

til
e 

of
 th

e 
po

in
t v

al
ue

 o
ve

r 1
50

0 
sim

ul
at

ed
 y

ea
rs

 a
nd

 5
00

 si
m

ul
at

ed
 o

ut
br

ea
ks

. B
lu

e 
po

in
t s

ho
w

s R
ES

PE
’s

 c
ur

re
nt

 
pe

rf
or

m
an

ce

1 
- S

p 
1 

- S
p 

Se_wk Se_wk 



 

 

178 

 

 

 Fi
gu

re
 3

0:
 R

O
C 

cu
rv

es
 fo

r e
ac

h 
pr

e-
pr

oc
es

sin
g 

an
d 

fo
re

ca
st

in
g 

m
et

ho
ds

 re
pr

es
en

tin
g 

m
ed

ia
n 

Se
_o

ut
 (s

en
sit

iv
ity

 b
as

ed
 o

n 
th

e 
nu

m
be

r o
f o

ut
br

ea
ks

 d
et

ec
te

d 
ou

t o
f a

ll 
in

se
rt

ed
 o

ut
br

ea
ks

), 
pl

ot
te

d 
ag

ai
ns

t m
ed

ia
n 

sp
ec

ifi
ci

ty
 S

p.
 E

rr
or

 b
ar

s s
ho

w
 th

e 
25

%
 a

nd
 

75
%

 p
er

ce
nt

ile
 o

f t
he

 p
oi

nt
 v

al
ue

 o
ve

r 1
50

0 
sim

ul
at

ed
 y

ea
rs

 a
nd

 5
00

 si
m

ul
at

ed
 o

ut
br

ea
ks

. 

1 
- S

p 
1 

- S
p 

Se_out Se_out 



 

 

179 

 

 

Fi
gu

re
 3

1:
 A

M
O

C 
cu

rv
es

 fo
r e

ac
h 

pr
e-

pr
oc

es
sin

g 
an

d 
fo

re
ca

st
in

g 
m

et
ho

ds
 re

pr
es

en
tin

g 
m

ed
ia

n 
tim

e 
fo

r o
ut

br
ea

k 
de

te
ct

io
n,

 
pl

ot
te

d 
ag

ai
ns

t n
um

be
r o

f f
al

se
 p

os
iti

ve
 a

la
rm

s p
er

 y
ea

r. 
Er

ro
r b

ar
s s

ho
w

 th
e 

25
%

 a
nd

 7
5%

 p
er

ce
nt

ile
 o

f t
he

 p
oi

nt
 v

al
ue

 o
ve

r 
15

00
 si

m
ul

at
ed

 y
ea

rs
 a

nd
 5

00
 si

m
ul

at
ed

 o
ut

br
ea

ks
. B

lu
e 

po
in

t s
ho

w
s R

ES
PE

’s
 c

ur
re

nt
 p

er
fo

rm
an

ce
s.

 

Average time for detection 
(week) 

Average time for detection 
(week) 

FP
/y

ea
r  

FP
/y

ea
r  



 

180 

 

Median performances obtained using the current RESPE alarm threshold 
were: Se_out equaled at 99%, Sp near 90%, an average timeliness of 2.14 weeks, 
and between 4 and 5 false positive alarms per year. These detection 
performances were consistent with those obtained with our models (see figures 
5, 7 and 8) and even outperformed them regarding Se_wk which reached 53% for 
an associated Sp of 90% when our regression models obtained a Se_wk below 
50%.  

 Authentic data 3.2.

To test our systems on real data, we used as a constant the value previously 
identified as providing optimal balance between Se_out and Sp: 1.7 for Holt-
Winters, and 2 for generalized linear regression models. Using these constants, all 
methods tested were able to detect the WNV outbreak. All time series using 
generalized linear regression models gave an alarm four weeks after the 2015 
WNV outbreak started (week n°37), had a specificity between 0.86 and 0.90 and 
produced more than four false alarm per year.  

Using Holt-Winters, all time series gave an alarm 6 weeks after the outbreak 
started except TS1’ which was able to trigger the first alarm after 4 weeks. Their 
specificity ranged from 0.93 to 0.95 and their number of false positive alarms was 
between 2 and 3 per year. The weekly sensitivity, Se_wk, was low for all methods 
tested and ranged from 0.12, for Holt-Winters associated with TS0’ and TS2’, to 
0.37, for TS1’ using Holt-Winters and generalized linear regression models. 

The alarm threshold currently used by RESPE also provided its first alarm on 
week 37 (i.e., four weeks after the start of the WNV outbreak). Its weekly 
sensitivity equaled 0.37 for a specificity of 0.95 and 2 false positive alarm arised 
per year.  
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D. DISCUSSION 

Our study shows that the RESPE data on nervous signs in horses could be used 
as an alarm system for WNV outbreaks in France. Regression models (i.e., 
generalized linear models or Holt Winters) and current RESPE’s alarm threshold 
were able to detect WNV outbreaks and they performed similarly when we 
considered for regression models an alarm threshold defined to obtain the best 
balance between sensitivity, specificity and timeliness. The results obtained with 
simulated data indicated that such surveillance systems could detect more than 
98% of WNV outbreaks with a specificity above 94%, a timeliness between 2 and 3 
weeks and an average number of 4 false alarms per year. According to our results, 
the alarm threshold currently used by RESPE is thus probably the best threshold 
that system managers could have found using a fixed alarm value throughout the 
year. These results are encouraging but this timeliness corresponds to the time 
needed to obtain a laboratory confirmation after clinical suspicion [15,18]. Using 
such alarm thresholds would be thus only interesting if WNV laboratory tests are 
not systematically implemented, which is currently not the case within the RESPE. 
A better timeliness could be reached if the alarm threshold was modified. 
However, using as an alarm threshold a fixed value throughout the year does not 
take into account the seasonal variation in the number of cases reported. 
Regression approaches are able to deal with data seasonality and trend and they 
are thus more flexible and adaptable. Considering the specific situation of RESPE, 
even if regression models are more complex to implement than fixed alarm 
threshold, they are also more interesting when the surveillance priority is not to 
reach the optimal balance between sensitivity, specificity and timeliness (e.g., 
surveillance priority could be to obtain better timeliness even if the number of 
false alarm increases).  

Our study reveals differences among the time series and smoothing methods 
tested. As expected, the pre-processing methods that were used to remove past 
outbreaks present in the dataset modified the seasonality of the time series. 
Indeed, outbreaks of EHV-1 that were present in TS0 were mainly reported during 
winter, which is consistent with reports of seasonal patterns of disease outbreaks 
from a recent consensus statement [38]. Removing these outbreaks from the TS0 
data decreased the impact of season on the baseline and improved the smoothing 
performance of the two forecasting methods tested using TS1, TS2 and TS3. 
Generalized linear models always provided better detection performances than 
Holt Winters except using TS1. The higher specificity of TS1 compared to other 
time series might be explained by the positive trend and the resulting values of 
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the variable ‘histmean’, which were smaller in TS1 than in TS0, TS2 and TS3. These 
results highlight the fact that pre-processing methods have an impact on the 
choice of best detection algorithms. However, TS0 obtained similar detection 
performances to time series in which outbreaks had been removed. It might be 
explained by the fact that data from 2011 to 2013 used to simulate our 1500 
baselines were raw data that contained positive equine herpesvirus cases. Such 
approach may decrease the detection performances of our outbreak-free time 
series (i.e., TS1, TS2, TS3) compared to raw data (TS0), but it also provides an 
estimation of system performances under more realistic circumstances. Our 
detection performances must be thus interpreted as performances for WNV 
outbreak detection and not as performances for the detection of WNV and equine 
herpesvirus. Finally, in our study, the removal of aberrations from raw data was 
useful to improve our models but not to improve WNV outbreaks detection 
performances. To our knowledge, this is the first time that the impact of past 
aberration removal is considered in syndromic surveillance and further work 
should be conducted to explore the impact and usefulness of such work. 

This is the first time that an assessment of system performance has been 
implemented for WNV surveillance using simulated data and real data. In previous 
studies, assessment of timeliness, sensitivity and specificity of surveillance have 
occasionally been evaluated but only based on a limited number of real WNV 
outbreaks [8], [39]–[44] which did not allow any conclusions to be drawn 
regarding overall system performance as also highlighted by Saegerman et al. 
[19]. We believe that our study helps to fill this gap and we hope that it will 
promote the development of such clinical surveillance system which might be one 
of the most cost-efficient system for WNV early detection [19-20]. Moreover, it is 
still difficult to identify specific clinical signs for WNV suspicion [45]. Promoting a 
surveillance system able to deal with unspecific signs, like nervous signs, would be 
thus especially relevant for WNV early detection. 

In our study, results obtained with authentic data were similar to those 
obtained with simulated data: all algorithms tested were able to detect WNV 
outbreak in autumn 2015, the generalized linear model always outperformed Holt 
winters except for TS1, and specificities using simulated and real data were close. 
However, the number of false alarms per year estimated with simulated data was 
higher than the number of false alarms observed with raw data from 2011 to 
2013. This is consistent with the fact that the simulated time series had more 
frequently high counts than raw data. In further work, it would be thus interesting 
to test and assess different methods for simulating time series. In addition, 
median timeliness and number of false alarms per year obtained with simulated 
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data were much better than performances obtained with the authentic data. It 
might be explained by the specific course of WNV French outbreak in 2015 where 
the number of suspicions reported during the first weeks was low compared to 
previous WNV French outbreaks especially in 2000 [13,18]. In addition, the 
number of cases declared to RESPE was low compared to the total number of real 
suspicions as, during this outbreak, the majority of cases were declared to other 
institutions [15]. In order to use RESPE data as an early detection system for West 
Nile virus, it would be necessary to reinforce awareness of veterinary practitioners 
and horses owners, and to simplify the declaration process to encourage 
declarations of suspect cases. Representativeness of reported syndromes is a key 
point in syndromic surveillance and we believe that our study will contribute to 
strengthen awareness of French stakeholders increasing RESPE 
representativeness for WNV detection.  

To conclude, data on nervous signs in horses collected by RESPE can be used 
for the early detection of WNV outbreaks in France. As such surveillance system is 
based on unspecific clinical signs, it can be an efficient way to complement the 
official French notification system where each WNV suspect case has to be 
reported. The RESPE network is not yet fully a part of the French official diseases 
surveillance system even if strong links already exist between RESPE and the 
French ministry. Building a more integrated system including human practitioners 
would be valuable for both animal and human protection especially because 
equine may be infected by WNV before humans. In this study, we did not 
determine which alarm threshold was the most efficient. Such a decision would 
be made in real life by decision makers (e.g., RESPE, Official veterinary services, 
Public health or All together) and could be determined using cost-efficiency 
analysis. However, the optimal alarm threshold would also depend on the 
objectives of the surveillance which could be to increase public awareness for 
protecting human and animal health (e.g., advice to protect against mosquitoes 
bites, promote reporting of suspect cases), or to implement early protective 
measures like vector control or horses vaccination. Vaccination of horses is 
interesting to protect animals and it has been proposed during the French 
outbreak in 2015 in Camargue area. However, few horses were vaccinated at that 
time because of the vaccine cost for the owner. The drawback of vaccination is to 
compromise the role of equine as sentinel for WNV. Similarly, horses living in an 
area considered as endemic for WNV, like Camargue area, may also have a long-
lasting immunity and might be not efficient as sentinels for the virus. Evaluating 
the seroprevalence of WNV in equine population would be thus useful to 
determine in which extend a vaccinated population, or a population living in an 
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area considered as endemic, can still be used for early warning using a syndromic 
surveillance system based on clinical signs.  
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G. APPENDIX 

Table 1: Variables tested for each time series and for Poisson and negative 
binomial distributions 

 
  

Variable name Variable description 
year Year considered 
week Week of the year considered 
time Week number according to the total number of weeks available 

in the dataset 
season Season of the year considered 
month Month of the year considered 
mysin sin(2*pi*(week/53) ) 
mycos cos(2*pi*(week/53) ) 
period8 Round(week*8/52) 
period8shift Round((3+week)*8/52) 
season.shift2 Round((week-4)*4/52) 
sinX2 sin (2*pi* week/26.5) 
sinX2.shift sin (2*pi*(week-6)/26.5) 
sinminus6 sin (2*pi*(week-6)/53) 
sinminus12 sin (2*pi*(week-12)/53) 
sinminus18 sin (2*pi*(week-18)/53) 
sinX4.shift sin (2*pi*(week-3)/13.25) 
sinX4 sin (2*pi*(week)/13.25) 
sinX3.shift sin (2*pi*(week-4)/18.33) 
sinX3 sin (2*pi*(week)/18.33) 
histmean mean of the 53 previous weeks (and guard band of 10 weeks) 
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Table 2: Smoothing and forecasting performance of GLMs. ACF and PACF are, respectively, 
the autocorrelation and partial autocorrelation functions of the residuals. Residuals are 
theoretically assumed to have an ACF and PACF that have no correlation for all lags. 
RMSEc and RMSEv are measures of root-mean-squared error within the calibration period 
and the validation period, respectively. In both cases, lower values are better. TS0 = raw 
data, TS1 =  only the cases with no positive laboratory results, TS2 = data linked to 
historical EHV-1 outbreaks were removed from TS0, TS3 = extreme values from TS0 were 
removed using the approach of Tsui and colleagues. 

  ACF and PACF AIC RMSEc RMSEv 

TS
0 

gl
m

 (N
B)

 

 

735 1.29 1.33 

TS
1 

gl
m

 (p
oi

ss
on

) 

 

635 0.93 1.36 

TS
2 

gl
m

 (p
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ss
on

) 

 

700 1.,02 1.34 

TS
3 

gl
m

 (p
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ss
on

) 

 

681 0.96 1.32 
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Table 3: Smoothing and forecasting performance of Holt-Winters models. ACF and PACF 
are, respectively, the autocorrelation and partial autocorrelation functions of the 
residuals. Residuals are theoretically assumed to have an ACF and PACF that have no 
correlation for all lags. RMSEc and RMSEv are measures of root-mean-squared error within 
the calibration period and the validation period, respectively. In both cases, lower values 
are better. TS0 = raw data, TS1 =  only the cases with no positive laboratory results, TS2 = 
data linked to historical EHV-1 outbreaks were removed from TS0, TS3 = extreme values 
from TS0 were removed using the approach of Tsui and colleagues [19]. 

 ACF and PACF  RMSEc RMSEv 

TS
0 

 

1.07 1.55 

TS
1 

 

0.77 1.23 

TS
2 

 

0.85 1.32 

TS
3 

 

0.80 1.21 
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ABSTRACT: 

In this work we propose the adoption of a statistical framework used in the 
evaluation of forensic evidence as a tool for evaluating and presenting 
circumstantial “evidence” of a disease outbreak from syndromic surveillance. The 
basic idea is to exploit the predicted distributions of reported cases to calculate 
the ratio of the likelihood of observing n cases given an ongoing outbreak over the 
likelihood of observing n cases given no outbreak. The likelihood ratio defines the 
Value of Evidence (V). Using Bayes´ rule, the prior odds for an ongoing outbreak 
are multiplied with V to obtain the posterior odds. This approach was applied to 
time series on the number of horses showing clinical respiratory symptoms or 
neurological symptoms. The separation between prior beliefs about the 
probability of an outbreak and the strength of evidence from syndromic 
surveillance offers a transparent reasoning process suitable for supporting 
decision makers. The value of evidence can be translated into a verbal statement, 
as often done in forensics or used for the production of risk maps. Furthermore, a 
Bayesian approach offers seamless integration of data from syndromic 
surveillance with results from predictive modeling and with information from 
other sources such as disease introduction risk assessments. 
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A. INTRODUCTION 

Syndromic surveillance appeared in the late 1990's and is becoming more and 
more popular in a wide range of human public health issues such as seasonal 
disease surveillance [1] and digital disease surveillance [2]. The wider acceptance 
of the relevance of the “One Health” concept [3] amongst public health 
practitioners has led to an increased exchange of methodologies and disease 
control knowledge between the human medicine and the veterinary sides. In the 
last 5 years, researchers in  veterinary medicine have been investigating the 
application of syndromic surveillance methods for the early detection of zoonotic 
and non-zoonotic diseases [4]. 

There is no unique definition of “syndromic surveillance” but it is commonly 
accepted that it focuses on data collected prior to clinical diagnosis or laboratory 
confirmation [5,6]. It is therefore based on non-specific health indicators which 
result in a surveillance system with low specificity but allow the early detection of 
outbreaks without a priori considerations. This constitutes a major advantage 
over traditional approaches which focus on a disease, or a list of reportable 
diseases, and rely on the ability of clinicians to correctly diagnose cases, which 
may not be the case when faced with  a rare or emerging disease [4]. Moreover, 
the systematic and continuous data collection and analysis processes reduce the 
impact of chronic under-reporting observed in classical passive surveillance 
systems and also increases the sensitivity of this method[4]. Syndromic 
surveillance does not replace traditional approaches to disease monitoring (e.g. 
risk-based, active etc…) but is seen as  an interesting and complementary tool for 
outbreak detection with a low specificity but with better sensitivity and timeliness 
[7]. 

Current approaches used in syndromic surveillance first seek to define the 
normal properties   of the syndrome time-series when no outbreak of diseases is 
recorded [4,6] in order to be able to detect abnormal events overlaid on top of 
the background noise during an outbreak situation. In traditional aberration 
detection methods, an alarm goes off when the observed data exceed the 
expected values from the population [4,6]. Such algorithms have an epidemic 
threshold and provide a yes/no qualitative output: “No, there is no outbreak” or 
“Yes, something unusual is happening in the population”.  

This black or white vision of the health of the population of concern is simple 
but it may not always be adequate or useful for decision makers who may often 
find themselves in grey areas (indicator values close to the epidemic threshold). 
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Moreover, binary result can also be difficult to combine with other 
epidemiological knowledge such as a probability of disease introduction or other 
complex parameters which influence decision making [8]. The development of 
syndromic surveillance quantitative outputs, which are more objective, flexible 
and easily interpretable, is a promising area of research. 

The art of presenting scientific evidence to decision makers has been more 
extensively studied in forensic sciences in which  legal certainty requires 
statements that clearly specify how strong the evidence for/against an hypothesis 
is and how the expert reached that conclusion. In recent years, the state of the art 
in forensic interpretation has been to evaluate forensic evidence using likelihood 
ratios in the framework of Bayesian hypothesis testing. Within this framework, it 
evaluates the extent to which results from forensic investigations speak in favor of 
the prosecutors or defendants hypotheses [9,10]. The Bayesian approach has 
been applied to a wide range of forensic problems including evidence based on 
DNA analysis [10], mass spectroscopy [11], transfer of glass, fibers and paint [10] 
and microbial counts [12]. However, although initially developed for the legal 
system, the approach has been identified as useful for supporting decision making 
in other situations such as the tracing of Salmonella spp. [13]. 

The aim of this study is to test the applicability of the Bayesian likelihood ratio 
framework to the early detection of outbreaks in a syndromic surveillance system. 
Transferability of the method is demonstrated by using two examples based on 
real data coming from RESPE, the French surveillance network on equine diseases. 
The first example makes use of data on French horses presenting nervous 
symptoms (NeurSy) and aim to test the ability of our approach to detect 
simulated outbreaks of an exotic disease, West Nile Virus (WNV).  West Nile 
disease is an important zoonotic disease and syndromic surveillance applied in 
horses could be used as an early warning system to protect the human population 
[14]. The second example focuses on data on French horses with respiratory 
symptoms (RespSy)  and is used to detect outbreaks of divergent strains of equine 
influenza (New-Influenza), a non-zoonotic disease leading to vaccine failure[15-
18]. 

B. MATERIALS AND METHODS 

1. Background theory and proposed framework 

Forensic evaluation of evidence is based on Bayesian hypothesis testing. In a 
syndromic surveillance context, this would mean that, in a particular week, there 
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are two mutually exclusive hypotheses that should be evaluated, for example: H1 
“There is an ongoing outbreak of disease x” and H0 “There is NOT an ongoing 
outbreak of disease x”. Without any extra information, the relative probability of 
the two hypotheses may be expressed as the a priori odds: 

Eq.1   
)(
)(

0

1

HP
HPOpri   

where 

P(H1): The a priori probability for hypothesis H1. Typically the probability of an 
ongoing outbreak of the disease of interest in a particular region. 

P(H0): The a priori probability for hypothesis H0 which is  the complementary 
hypothesis to H1. Typically the probability of an outbreak NOT going on.   

In other words, the a priori odds define our prior belief about the disease 
status in the region. In a typical situation, the prior odds would be low (e.g. 
1:1000) but under some circumstances, it might be higher (e.g. if an outbreak is 
ongoing in a neighboring country). When we are presented evidence (E) of some 
kind pointing in favor (or against) of H1, this will make us update our belief. This 
posterior belief is expressed as the a posteriori odds.  

Eq.2   
)|(
)|(

0

1

EHP
EHPOpost   

Where: 

P(H1|E) is the probability of hypothesis H1, given the evidence (E). 

P(H0|E) is the probability of hypothesis H0, given the evidence (E). 

In syndromic surveillance, the evidence (E) is typically the number of reported 
suspected cases in a given time period. The degree to which the posterior belief 
differs from the prior belief will depend on the strength of the evidence. If the 
evidence is weak, the posterior odds will be similar to the prior odds whereas 
strong evidence in favor of H1 would result in posterior odds being much higher 
than the prior odds. At this point, it is important to note that the hypotheses to 
evaluate (H1) may differ and that the interpretation of the same piece of evidence 
would depend on the choice of H1. For example 10 reported cases of syndromes in 
horses may be a strong evidence that there is something unusual going on if these 
are nervous cases (H1 = “ongoing outbreak of some nervous disease (i.e. WNV)”) 
but only weak evidence in favor of an equine influenza in the case of a respiratory 
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syndrome (H1 = “ongoing outbreak of equine influenza”), since in the latter case 
we might have expected far more reported cases. 

This intuitive reasoning can be formalized by the application of Bayes’ theorem: 

Eq.3  
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Where: 

E is the number of reported cases of a syndrome in the particular week. 

P(E|H1) is the probability of observing the evidence (E) given that H1 is true 

P(E|H0) is the probability of observing the evidence (E) given that H0 is true 

In order to estimate P(E|H1) and P(E|H0) we need information on the 
probability distribution for the number of reported cases in a non-outbreak and 
outbreak situation. The probability of observing n cases given that H1 is true can 
be estimated using statistical modeling of baseline data [19]. When the cases are 
independent (i.e. not clustered), the data can be modeled using a general dynamic 
Poisson model [19]. When cases are clustered (overdispersion), the Poisson model 
will underestimate the probability of observing very high or very low number of 
cases, and in such cases, the data can be modeled by continuous mixtures of the 
Poisson distribution including Negative Binomial (NB) distribution or Poisson-log-
normal (PLN) distribution [19].  

The probability of E (observation of n cases) during an outbreak is calculated as: 

Eq.4  



n

i
outbase inPiPHEP

0
1 )()()|(  

Where 

Pbase(i) = Probability of drawing i cases from the baseline  distribution ( e.g. 
Poisson(λ) or NB(mu=mubase, size = thetabase)) 

Pout(i)  = Probability of drawing i cases from the outbreak distribution (e.g.  
NB(mu=muout ,size = thetaout) ) 

The outbreak distribution may be estimated by fitting an appropriate 
probability distribution to data from historical outbreaks. In the absence of data, 
the outbreak distribution may be defined based on expert knowledge about the 
disease in question or assumptions about the distribution of a new disease. In 
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most cases there would be a large uncertainty about the shape of the outbreak 
distribution.  

The next estimate is the probability of observing the Evidence (E) that is the 
actual number of reported cases. In forensics, the value of evidence (V) is defined 
as the ratio between the posterior and prior odds for H1 versus H0. The value of 
evidence (Fig. 34, line Log(V)) can be calculated from the two distributions by 
dividing the probabilities for each number of observed cases using equation 5: 

Eq.5   
)|(
)|(

0

1

HEP
HEPV   

As illustrated in Fig 1 the value of evidence will depend on the assumptions 
about the outbreak. In the examples A to D, 10 cases are reported from a region 
where the baseline prevalence is around 5 cases per week. If it is expected that an 
outbreak may be small, resulting in only a small number of extra cases, 10 
reported cases would speak in favor of an outbreak (Figure 34, A, C). If, on the 
other hand, the disease(s) of interest are expected to yield a relatively large 
number of cases the evidence would speak against an outbreak (Fig. 34, B, D).  

In addition, the strength of the evidence will depend on the precision on the 
estimates for the number of outbreak-related cases. If the distributions are wide 
(low theta, Figure 34 A, B), the absolute value of log(V) is smaller whereas more 
narrow distributions (high theta, Figure 34 C, D) result in higher values of log(V). 
This is intuitive: the more we know about what we expect to see during an 
outbreak, the stronger conclusions we will make from the observed evidence.  

2. Using the value of evidence for decision making. 

In contrast to traditional outbreak detection algorithms, the value of evidence 
approach does not have a built-in decision threshold. Typically a decision maker 
would not act upon syndromic surveillance data alone but rather combine it with 
other available knowledge. Cameron [20] proposed several approaches to disease 
freedom questions: (1) population or surveillance sensitivity, (2) probability of 
freedom from disease, and (3) expected cost of error – i.e., consequences of false 
positive and false negative results. All approaches underline how the value of 
inspection findings will be augmented when interpreted in a broader context to 
complement other monitoring and surveillance systems (MOSS) activities. One 
option for a decision maker would be to set an action threshold for the posterior 
odds. We might, for example, want to initiate an epidemiological investigation if 
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the odds that there is an ongoing outbreak are larger than 1:1 or 1:100. Ideally the 
decision maker would make a cost-benefit analysis taking into account the 
expected costs for taking action versus not taking action. For example the decision 
maker may initiate control measures  (vaccination program etc) when the odds 
are such that, on average, the reduced loss from the outbreak thanks to early 
detection would exceed the extra costs from initiating control measures (or 
vaccination programs) in response to false alarms. 

 

 
Figure 34: Value of evidence (V) and probability of observing 10 cases during a non-
outbreak (Base) and outbreak situation (Out) with different assumptions about the 
magnitude of an outbreak. Baseline cases are distributed according to NB mu = 5, theta = 
2.55. The value of evidence, log(V) is calculated as log10(p(n|outbreak)/p(n|baseline)). The 
distribution during an outbreak (Tot) is the sum of baseline cases and outbreak cases. In 
the examples A to D outbreak related cases are distributed according to (A) NB(mu=10, 
theta = 2), (B) NB(mu=30, theta = 2), (C) NB(mu=10, theta = 5), (D) NB(mu=30, theta = 5) 



 

201 

 

The combination of evidence evaluation and decision theory is discussed in 
[21]. The expected utility (ū) of action ai is the average amount of loss that we 
expect to incur with this action. In the context of diseases surveillance, an action 
could be to implement movement restrictions, vaccination, sampling, control of 
vectors or to do nothing. The loss could be the direct financial losses (e.g. animal 
infection, disease and production losses) but also the indirect losses (e.g. 
surveillance and control costs, compensation costs, potential trade losses, social 
consequences). Since an unmanaged outbreak as well as actions will result in 
costs, the expected utility will always be zero or negative. In this framework the 
expected utility (ū) of action ai is defined as: 

Eq.6  



1

0
)|()()|(

j
jiji HpCuau  

where 

H1 = Outbreak. 

H0 = No outbreak.  

a0 = No action. 

a1 =Action. 

p(Hj |·)= probability of hypothesis j given all available knowledge (Prior probability 
& evidence) 

u(Cij) = expected loss for each possible situation Cij (C00 = no disease and no action 
implemented, C10 = no disease but action implemented, C01 = disease but no 
action, C11 = disease and action implemented) 

According to this framework it is favorable to act when the expected utility of 
action (ū(a1|·)) is higher than the expected utility of no action (ū(a0|·)). The 
posterior odds (Opost) is defined as:  

Eq.7 
)|(1

)|(
1
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EHP
EHPOpost 

  

For each value of Opost the expected utility for action a1 and ao is defined by eq. 
6. The expected loss for each situation Cij are based on economical estimations.  
Thus an action threshold for posterior odds (Opost*) can be defined as the value of 
Opost  where   

  )|()|( 01  auau  
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In this work Opost* was determined by numerical optimization. The derived 
action threshold for the value of evidence V* is calculated as: 

Eq. 8   
pri

post

O
O

V
*

*   

where the prior odds for an ongoing outbreak Log10(Opri) is based on historical 
experience as well as knowledge about risk factors.  

To make a decision, the risk manager would multiply the prior odds with the 
value of evidence using eq.3 to obtain the posterior odds for an outbreak 
Opost(H1|E). If this odds goes over the action threshold Log10(Opost*) where the 
expected utility from acting exceeds the utility for not acting, a decision would be 
taken to act.  

3. Performance assessment 

Sensitivity, specificity and predictive values of positive and negative tests are 
important concepts when planning animal health monitoring. In the syndromic 
surveillance context a true positive (TP) is when the system alerts when an 
outbreaks is ongoing. A true negative (TN) is no alert and no outbreak. A false 
negative (FN) is when the system does not alert when an outbreak is ongoing, 
and, false positive (FP) is when the system alerts in the absence of an outbreak.  

Sensitivity (SE) is the probability that a true outbreak triggers an alert: 

Eq. 9   SE =TP/(TP+FN) 

Specificity (SP) is the probability the there is no alert when no outbreak is 
ongoing: 

Eq. 10   SP =TN/(TN+FP) 

The positive predictive value (PPV) is the probability of an indicated outbreak 
being a true outbreak: 

Eq. 11  PPV = TP/(TP+FP) 

The Negative predictive value (NPV) is the probability that no signal of outbreak is 
true absence of an outbreak:  

Eq. 12   NPV = TN/(TN+FN) 
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The PPV and NPV depend on the (prior) probability of an outbreak and in the 
performance assessment PPV was calculated as: 

Eq.13  
pripri

pri

PSESPP
SEP

PPV





)1()1(
 

where:  

Ppri = prior probability of ongoing outbreak in the week of interest 

4. Implementation 

Models were implemented in R x64 version 3.0.2 [22]. Dynamic regression 
was performed with function glm (package {stats) [22] for Poisson regression and 
glm.nb (package {MASS})[23]. The expected number of counts at time x were 
estimated with the predict function of the respective package. Alternative 
regression models were evaluated using the Akaike information criterion (AIC). In 
addition adjusted deviance (Deviance/df) was used as a measure of goodness of 
fit (GOF). 

The receiver operating characteristic (ROC) curve was generated in R by 
simulation. Counts for negative weeks were sampled from a Poisson distribution 
(function rpois in package {stats}) with lambda equal to the predicted value for 
each week in 2011 and 2012 (n=53000). Counts for positive weeks were 
generated by sampling values from the fitted outbreak distribution (function 
rnbinom in package {stats}) and adding to the baseline. SE and SP were calculated 
for values of Log10(V) between -1 and +3 in steps of 0.01. The expected PPV for 
each value of V was calculated as above using the prior odds for outbreak from 
scenarios A to C. Threshold values for posterior odds (Opost*) were estimated using 
the Solver function of Microsoft Excel 2007. 

5. Sources of data 

As a proof of principle the value of evidence framework was applied to 
neurological and respiratory syndromes in French horses. The associated time 
series are named NeurSy and RespSy, respectively . These data are collected 
through the passive surveillance system “RESPE”, the French network for the 
surveillance of equine diseases (http://www.respe.net/). This system collects the 
declarations from veterinary practitioners registered as sentinels who fill online a 
standardized questionnaire depending on the syndrome concerned. Along with 
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their declaration, veterinarians send standardized samples for the laboratory 
diagnosis. Tests for equine influenza, equine herpes 1 and 4 and equine arteritis 
viruses are implemented in the case of a respiratory syndrome, West Nile and 
equine herpes 1 viruses in the case of a nervous syndrome. In our study, we used 
these weekly time series. 

Data from 2006 to 2010 were used to train our models and define the 
background noise of each time series when no outbreak occurs. We only used the 
data on the number of cases with no positive laboratory test result in order to 
remove the outbreaks from our datasets and obtain these outbreak free 
baselines. Then, different regression models were tested.  

No real outbreak of West Nile disease and divergent strains of equine 
influenza (New-Influenza) occurred during this time. Instead fictive test data were 
used for demonstrating outbreak detection. The baselines in the test data were 
based on NeurSy and RespSy data from 2011 to 2012 where unexplained 
aberrations, not related to the diseases of interest, were filtered out and fictive 
outbreaks inserted based on historical data. The weekly counts from several real 
outbreaks were fitted together to model the outbreaks of each disease. The prior 
odds for each example are based on our knowledge on the epidemiology and risk 
factors for transmission of the disease. New-Influenza is supposed to have the 
same probability of occurrence over the year and the prior odds is thus considered 
as constant over time. West Nile disease is linked to the vector activities and is 
thus a seasonal disease. Different prior odds are set for each season for this 
disease. 

6. Data accessibility 

The datasets supporting this article have been uploaded as part of the 
Material. The software R can be freely downloaded from the CRAN homepage 
(http://cran.r-project.org/). 
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C. RESULTS 

1. Case study – Neurological syndromes and WNV (NeurSy) 

 Non-outbreak situation 1.1.

To define the background noise of the NeurSy time series when no outbreak 
occurred, we fitted alternative regression models based on Poisson and NB 
distributions from years 2006-2010 on data containing only cases with no positive 
laboratory results (Supplementary figure S1). The models evaluated including 
sinod models with 1, 2 and 3 periods/year and season or month as factorial 
variables. To account for differences between years we dynamically calculate the 
average counts for 53 consecutive weeks (histmean). To ensure that an ongoing 
outbreak will not influence the estimate, we used a 10 week guard band [24] for 
calculation of histmean.  

For the Poisson as well as the NB regression the best fit were obtained with 
the simplest model:  

counts ~ sin(2πt) + cos(2πt) + log(histmean) 

where t is time in years. For the Poisson regression we obtained: AIC=772.6, 
GOF(adjusted dev) =1.128. For NB regression the corresponding parameters were: 
AIC: 774.5; GOF= 1.101. The inverse theta of the NB model was 30.6. Considering 
that the NB distribution converges to the Poisson distribution when inverse theta 
approaches infinity and that the GOF and AIC for the Poisson and NB models were 
very similar we conclude that the Poisson model adequately describes the random 
distribution in this data. 

 Outbreak definition 1.2.

Three observed WNV outbreaks were used to simulated the outbreaks in our 
model: French outbreaks in horses in 2000 [25] and 2004 [14] where 76 and 32 
confirmed cases were reported respectively among 131 and 72 horses presenting 
nervous symptoms, and the Italian outbreak in 1998 [26] where 14 cases of WNV 
in horses were investigated by week of onset. 
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The weekly counts from these three outbreaks were fitted to the NB 
distribution. The resulting outbreak distribution was NB(mu=4.45, theta= 0.94). 
Based on this we predicted a median number of outbreak-related cases per week 
during an outbreak to be 3 with a 95% confidence interval of 0 to 18 cases.  

 Outbreak detection 1.3.

Three scenarios were tested. The probability of an outbreak is not constant 
over the year, instead the relative probability of an outbreak occurring in spring 
(week 10 to 30), summer/autumn (week 31 to 46) and winter (week 47 to 9) is 
approximately 1:5:0.04. We chose to test one scenario per time period. i.e. the 
scenario A occurs in autumn, scenario B in winter and the scenario C in spring. For 
each scenario, the Poisson model was applied on the test set and one simulated 
peak/outbreak was inserted into the baseline (Figure 35).  

 

 
Figure 35: Application of NeurSy model on the test dataset. The vertical lines bounds 
peaks inserted during Year 1, week 36 to 39 (Scenario A), Year 2, week 1 to 4 (Scenario B) 
and Year 2, weeks 24 to 28 (Scenario C). 

 

For each week the value of evidence was calculated using Eq5 where the 
probability of the observed number of cases during no outbreak p(E|H1) and 
during outbreak p(E|H0) were calculated using the fitted model.  Examples of the 



 

207 

 

calculation of V during a non outbreak (scenario A) and during outbreaks 
(scenarios B and C) are shown in Figure 36. 

 

 
Figure 36: Value of evidence (V) and probability of observing n cases of neurological 
syndromes in a week during a non-outbreak (Base) situation and during a WNV outbreak 
(Out). Out is the distribution of outbreak related cases and Tot is the total number of 
observed cases per week during an outbreak. (A) Scenario A, year 1 week 36, λ=1.04,  (B) 
Scenario B, year 2 week 1. λ= 1.12,  (C) Scenario C, year 2 week 27, λ= 0.91. 

 Decision scenarios 1.4.

The decision making in the outbreak scenarios for both examples is 
summarized in table 1. The expected utility u(Cij) for each scenario considered are 
given together with the  action thresholds for posterior odds (Opost*) and value of 
evidence (V*) in favor of an outbreak. That is the situation for which the decision 
to act and not act have the same expected utility. 
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The expected utility of taking action in response to false alert (u(C01)) 
represents the costs for increased surveillance and preventive actions such as 
mosquito control for WNV. The utility of not taking action when there is an 
outbreak (u(C10)) represents the costs for control and economical and socio-
economical consequences of an outbreak when the response to the outbreak was 
delayed. The losses may depend on season and in the example we have assumed 
that a WNV outbreak in summer or spring in the south of France results in extra 
costs due to its impact on tourism. Finally the utility of taking action when there is 
an outbreak (u(C11)) represents the costs for surveillance plus the economical & 
socio-economical impact in case of a timely response to the outbreak. 

 
Table 13: Expected utility associated with different actions and the derived decision 
threshold & decision. 

 Scenario A 
 Small outbreak in 

Autumn  

 Scenario B 
 Medium outbreak in 

Winter 

 Scenario C  
 Large outbreak in 

Spring 
u(C00)   Out- act- 0  0  0 
u(C10)   Out- act+ -0. 5 M€  -0. 5 M€  -0. 5 M€ 
u(C01)  Out+ act- -5.1 M€  -5.3 M€  -10.1 M€ 
u(C11)  Out+ act+ -3.9 M€  -4.1 M€  -6.3 M€ 
      
Action threshold 
Log10(Opost*)  -0.38  -0.38  -0.88 

Log10(Opri) -0.99  -3.03  -1.78 
Action Threshold 
Log10(V*) 0.61  2.65  0.9 

Weeks w36 w39  w1 w4  w25 w28 

Cases observed per 
week  

3 4  5 7  5 7 

Log10(V) 0.26 0.74  1.24 2.6  1.54 3.11 
Log10(Opost) -0.73 -0.25  -1.77 -0.43  -0.24 1.33 

Action?   V > V* No Yes  No No  Yes Yes 

 

For NeurSy (Scenarios A to C), the prior odds in the table are based on the 
assumption that an outbreak of WNV is likely to occur every 3 years and has a 
duration of at average 5 weeks. The costs used are fictional but proportional to 
their expected relative contributions. 
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During the most at risk season regarding the probability of disease occurrence 
(Highest Opri), the alarm threshold is low and 4 cases are sufficient to take an 
action (See Table 13. scenario A). For the less risky season, the expected utilities 
are similar than during the most at risk season (Opost* are equal), but no action is 
implemented even if 7 cases are reported because they are unlikely due to WNV 
(Low Opri) (See table 13. scenario B).  

 Sensitivity, specificity and receiver operating characteristics 1.5.

The sensitivity and specificity of a surveillance system is defined by the chosen 
action threshold. The tradeoff between sensitivity and specificity of a model may 
be summarized in a receiver operating characteristics (ROC) curve [27]. The ROC 
curve corresponding to the case WNV case study is shown in Figure 37 A. The 
values of SE and SP arising from scenarios A to C are indicated by letters. The PPV 
i.e. the probability that an alarm corresponds to a real outbreak [28] depends not 
only on SE and SP but also on the prior probability of an outbreak as indicated in 
Figure 37 B.  

 

 

 
Figure 37: (A) ROC curve for outbreak detection of WNV based on neurological symptoms. 
Letters A-C indicate the decision threshold for Log(V*) in scenario A-C respectively (B). 
Positive Predictive Value (PPV) for different thresholds of Log10(V*) given the  prior 
probabilities of scenario A, B and C. The position of the letters indicate the action 
threshold for the respective scenario. 
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2. Case study 2– Respiratory syndromes and equine influenza (RespSy) 

The same approach was successfully applied to the RespSy dataset. However, 
in this case the analysis indicated a significant degree of overdispersion in the 
weekly counts. Using the same regression model ( counts ~ sin(2π t) + cos(2πt) + 
log(histmean) ) the NB model had lower AIC (1141 vs 1284) and GOF closer to one 
(1.14 vs 2.54) compared to the Poisson model. The theta parameter for the NB 
distribution was 1.78, and resulting in a much wider confidence interval for the 
expected number of cases in a non-outbreak situation (Figure S2) compared to 
the Poisson model (Figure S3). When the NB and Poisson models are applied to 
the same test dataset (Figures S4 and S5) the latter will report a value of evidence 
for the inserted peaks (D,E) that is several orders of magnitude higher than does 
the NB model. The Poisson model also reports peaks with Log(V) close to 2 several 
times per year (Figure S5). An underlying assumption in the Poisson model is the 
absence of overdispersion and, when this assumption does not hold, the Poisson 
model underestimates the probability of obtaining a large number of reported 
cases in the non-outbreak situation. Consequently it overestimates the value of 
evidence in favor of an outbreak. The overdispersion may be due to clustering in 
reporting. In the surveillance protocol veterinarians are encouraged not only to 
declare the diseased horse but also 1 to 3 additional horses (from the same 
stable), suspected to be in the incubation phase of influenza.  

 

D. DISCUSSION 

In this work we have demonstrated how the value of evidence concept may 
be incorporated in a decision support system for syndromic surveillance and how 
the output may be used for risk assessment and informed decision making. 
According to the OIE - Terrestrial Animal Health Code [29] the decision to take 
action involves balancing costs for activities against economical and social 
consequences of a delayed response to an outbreak is the responsibility of the risk 
manager and should be separate from risk assessment. 

Thus, although it is perfectly possible to build a system that outputs a best 
decision, the proposed approach is in concordance with the risk analysis 
framework [29] by offering explicit separation of assumptions (Pprior), scientific 
evidence (V) and criteria for decisions and a transparency of how the evidence is 
evaluated. In forensics, the value of evidence is typically presented to the court as 
a qualitative statement in which fixed verbal expressions correspond to specified 
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intervals for V [10,30]. This approach may be useful also when presenting 
epidemiological results. For example a value of Log10(V) in the range 1-2 may be 
expressed as “results provide moderate evidence to support that an outbreak is 
ongoing”. Alternatively intervals for V and/or Opost could be expressed using a 
color scale to produce maps representing the results from surveillance and risk of 
ongoing outbreaks of different diseases. 

The model presented here is intended as a proof of concept and when setting 
up an operational syndromic surveillance system it will, as usual, be necessary to 
perform a careful evaluation of the baseline model to ensure that the regression 
model does not overfit to the baseline data. When designing the current model it 
was evident that high dimensional regression models were prone to find 
artefactual seasonal patterns that could severely bias the estimated probability of 
observing a number of counts in a particular week (results not shown). In the 
current implementation the model learns seasonal patterns and distribution of 
residuals (Inverse theta parameter of NB distribution) from manually curated data 
whereas the expected yearly average (histmean) is continuously updated by 
outbreak filtered weekly data. Naturally the value of evidence concept may also 
be applied to a system where the baseline model is automatically retrained on 
new data. However, since the distribution parameter (theta) of the NB 
distribution would determine the cutoff in the filtering algorithm we argue that it 
is safer not to use the filtered data for estimation of the same parameter without 
prior inspection of the data. The same conclusion holds for seasonal patterns.  

The overdispersion in the RespSy dataset is largely due to veterinarians 
sampling several horses in a stable upon suspicion. Thus, in this special case it 
might be possible to handle the overdispersion by pre-processing the data to 
remove redundant cases, provided that the same pre-processing is applied to new 
data on weekly basis. However, when the mechanism behind overdispersion in 
baseline counts is not so transparent that automatic filtering out redundant cases 
is possible the NB model will support a correct interpretation of the value of the 
peak in the count data. 

As indicated in figure 4 the tradeoff between SE and SP differs between 
seasons. This is natural since in case the (prior) probability of an outbreak differs 
between seasons the average sensitivity SEavr and specificity SPavr will be given by: 

Eq. 14  
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Eq.15  
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where: 

SEi= sensitivity in season i 

SPi = specificity in season i 

Pi = (prior) probability of outbreak in season i 

di = (relative) duration of season i 

Thus, by incorporating prior knowledge about the seasonality of the diseases 
of interest it is possible to achieve a high average sensitivity without sacrificing 
the PPV and SP.  Another important attribute of outbreak detection is timeliness. 
Whereas there is no general measure of timeliness [28] the number of cases are 
often small in the first week(s) of an outbreak, increasing the sensitivity (i.e. 
lowering the threshold for V and thus n) in the high risk season will result in 
improved timeliness as well as average sensitivity. 

 In this work we have introduced the framework using models that evaluate 
evidence from each week independently. Although this simple approach is 
suitable for presenting the framework and a reasonable choice for an early 
warning system, the evaluation of evidence from one week at a time is not a 
fundamental limitation of the approach. A model accounting for accumulation of 
evidence over several weeks may, for example,  be constructed by considering, for 
each week in the interval [0...j] the conditional probability 

P(E|Ht-i) 

Where  

t is the week of interest 

Ht-i is the hypothesis that an outbreak started i weeks before t 

Et-n is the number of reported cases in week [ t-i ... t ] 

The probability of observing n outbreak-related cases will not be uniform 
throughout the outbreak but depend on whether the outbreak is in its first, 
second or third week etc. When accounting for evidence from several weeks the 
value of evidence in favor of the hypothesis H1 “An outbreak is going on” against 
H0 “An outbreak is not going on” will be dependent on the prior probability of an 
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outbreak starting in any of the preceding weeks. This is due to the fact that H1 is 
composed of several sub-hypotheses: 

H1 i=o : An outbreak started in week t 

H1 i=1 : An outbreak started in week t-1 

.. 

H1 i=j : An outbreak started in week t-j 

Consequently p(H1) depends on the relative probability of these sub-
hypotheses. The value of evidence in favor of an outbreak going on in week of 
interest (V) can be calculated as the Bayes factor (B): 

Eq. 16   
pri

post

O
O

BV   

where 

     Opost  is the posterior odds of an outbreak going on in week of interest 

Opri is the prior odds of an outbreak going on in week of interest 

Although in the more complex models the calculation of the value of evidence 
would depend on the prior probability of outbreak, the framework is still 
applicable for communicating the evidence to decision makers. Essentially any 
Markov Chain model could be applied in the evaluation of evidence framework 
and the choice of complexity is a tradeoff between on the one hand realism and 
on the other hand simplicity and transparency. However, we anticipate that in 
most situations there will not be sufficient data to support very complex models.  
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G. APPENDIX 

This document contains extra figures illustrating (i) the result from dynamic 
regression on the NeurSy data (Fig S1) (ii) the result from dynamic regression on 
the RespSy data (Fig S2, S3), and (iii) calculated value of evidence (V) when 
applying the Negative Binomial (NB) model (Fig S4) or Poisson model (Fig S5) to 
the RespSy test data. 
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Figure S1. Fitted baseline and one sided 95% confidence interval for weekly counts for 
case NeurSy Years 2006-2010. Poisson regression using model : counts ~ sin(2π t) + cos(2π 
t) + log(histmean). 

 

 
Figure S1. Fitted baseline and one sided 95% confidence interval for weekly counts for 
case RespSy Years 2006-2010. NB regression using model : counts ~ sin(2π t) + cos(2π t) + 
log(histmean). 
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Figure S3. Fitted baseline and one sided 95% confidence interval for weekly counts for 

case RespSy Years 2006-2010. Poisson regression using model : counts ~ sin(2π t) + cos(2π 
t) + log(histmean). 

 

 

 
Figure S4. Application of RespSy NB-model on the fictive test dataset. The vertical 

lines bounds peaks inserted during Year 1, week 36 to 39 (D), Year 2, week 24 to 28 (E). 
The gray points indicate historical data used to calculate the historical average (histmean).  
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Figure S5. Application of RespSy Poisson-model on the fictive test dataset. The vertical 

lines bounds peaks inserted during Year 1, week 36 to 39 (D), Year 2, week 24 to 28 (E). 
The gray points indicate historical data used to calculate the historical average (histmean). 
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ABSTRACT 

Background: Various methods are currently used for the early detection of 
West Nile virus (WNV) but their outputs are not quantitative and/or do not take 
into account all available information. Our study aimed to test a multivariate 
syndromic surveillance system in order to evaluate if the sensitivity and the 
specificity of detection of WNV could be improved.  

Method: Weekly time series data on nervous syndromes in horses and 
mortality in both horses and wild birds were used. Baselines were fitted to the 
three time series and used to simulate 100 years of surveillance data. WNV 
outbreaks were simulated and inserted into the baselines based on historical data 
and expert opinion. Univariate and multivariate syndromic surveillance systems 
were tested in order to gauge how well they detected the outbreaks; detection 
was based on an empirical Bayesian approach. The systems’ performances were 
compared using measures of sensitivity, specificity, and area-under-ROC-curve 
(AUC). 

Result: When data sources were considered separately (i.e. univariate 
systems), the best detection performance was obtained using the dataset of 
nervous symptoms in horses compared to those of bird and horse mortality (AUCs 
respectively equal to 0.80, 0.75, and 0.50). A multivariate outbreak detection 
system that used nervous symptoms in horses and bird mortality generated the 
best performance (AUC = 0.87). 

Conclusion: The proposed approach is suitable for performing multivariate 
syndromic surveillance of WNV outbreaks. This is particularly relevant given that a 
multivariate surveillance system performed better than a univariate approach. 
Such a surveillance system could be especially useful in serving as an alert for the 
possibility of human viral infections. This approach can be also used for other 
diseases for which multiple sources of evidence are available. 
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A. INTRODUCTION 

West Nile virus (WNV) is a zoonotic mosquito-borne arbovirus mainly 
transmitted by mosquitoes from the genus Culex (family Culicidae). Main reservoir 
hosts are birds but the virus also affects various non-avian species including 
horses and humans, with dramatic consequences for public health and for the 
equine industry, i.e. potentially fatal encephalitis in humans and horses (Campbell 
et al., 2002; Castillo-Olivares and Wood, 2004). In Europe, and more specifically in 
France, WNV lineage I emerged in the 1960s and several outbreaks have been 
documented since that time (Calistri et al., 2010). Even if this lineage is now 
considered endemic in a large part of Europe, the number of reported outbreaks 
is presently increasing in Southern and Eastern Europe, particularly in Italy, 
Greece, and Bulgaria (Di Sabatino et al., 2014).WNV lineage II has been introduced 
in Europe in 2004 and spread in several parts of Europe. This lineage induces more 
cases and more severe symptoms than lineage I in humans, horses, and birds 
(Bakonyi et al., 2006; Calzolari et al., 2013; Hernández-Triana et al., 2014). As an 
example, in Greece, 197 neuroinvasive human cases and 35 deaths were reported 
in 2010 with lineage II (Danis et al., 2011). All these elements contribute to make 
WNV a growing concern in Europe. Currently, in France and in most of countries, 
the surveillance of WNV is mainly passive i.e., based on the vigilance of owners 
and veterinary practitioners who declare the cases. To improve early detection of 
WNV outbreaks, then, the major challenge is to develop more integrated and 
quantitative approaches (Beck et al., 2013; Bellini et al., 2014a). 

Syndromic surveillance is defined as “the (near) real-time collection, analysis, 
interpretation and dissemination of health-related data to enable the early 
identification of the impact – or absence of impact – of potential threats. 
Syndromic surveillance is based not on the laboratory-confirmed diagnosis of a 
disease but on non-specific health indicators including clinical signs, symptoms as 
well as proxy measures” (Triple S Project, 2011). In Europe, the surveillance of 
nervous syndromes in horses is considered as one of the most cost-effective 
surveillance systems in the European context (Chevalier et al., 2011) and has been 
shown to detect an outbreak of WNV 3 weeks prior to laboratory identification in 
the South of France (Leblond et al., 2007a; Saegerman et al., 2014). In the USA, 
instead, increased mortality in wild birds is one of the most timely indicators of 
virus activity (Brown, 2012). Mortality in wild birds had rarely been reported in 
Europe until the recent explosive spread of lineage II in 2008-2009 in Hungary and 
Austria, which suggests that this parameter could be also incorporated into future 
monitoring systems in Europe (Bakonyi et al., 2013). This is consistent with recent 
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experimental infections of European wild birds with various WNV strains, which 
generated an average mortality rate of 43% (Del Amo et al., 2014a, 2014b; Dridi et 
al., 2013; Sotelo et al., 2011; Ziegler et al., 2013). Apart from mortality in wild 
birds and nervous symptoms in horses, WNV is also associated with mortality in 
horses, which could constitute another signal of a WNV outbreak. Considering 
that horses and birds should be affected by WNV before humans (Kulasekera et 
al., 2001; Leblond et al., 2007a), a surveillance system based on the analysis of 
these data could be especially useful in serving as early warning for possible 
human viral infections.  

Multivariate syndromic surveillance combines different syndromic data 
sources available (Frisén et al., 2010; Sonesson and Frisén, 2005) and should give 
better results for outbreak detection in terms of specificity and sensitivity than 
univariate methods alone. However, at the time of writing, multivariate 
syndromic surveillance has never been implemented for the detection of WNV 
outbreaks. The aim of our study was to evaluate the performance of a 
multivariate syndromic surveillance system in detecting WNV using three 
datasets: nervous syndromes in horses and mortality in horses and wild birds. 
Mortality will be considered in our study as a syndrome. We focused on the 
French Mediterranean coast, which is a particularly high-risk area for WNV 
outbreaks. Indeed, in France, WNV has only ever been identified in this area 
according to the last outbreaks occurring in 2000, 2004, 2006 and 2015 
(Anonymous, 2007; Autorino et al., 2002; Bahuon et al., 2015; Kutasi et al., 2011; 
Leblond et al., 2007a; Murgue et al., 2001). This French region is especially at risk 
because mammalian and avian hosts, bridging vectors, and large protected 
wetlands with numerous migratory birds are all present.  

 

B. MATERIALS AND METHODS 

1. Data sources 

 Nervous syndromes in horses 1.1.

Data on nervous syndromes in horses are collected through the passive 
surveillance system “RESPE”. This French network for the surveillance of equine 
diseases (http://www.respe.net/) collects standardized declarations from 
veterinary practitioners registered as sentinels. In the RESPE database, nervous 
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symptoms in horses are defined as any signs of impairment of the central nervous 
system, i.e. ataxia, paresis, paralysis and/or recumbency, and/or behavioral 
disorder. Nervous disorders with evidence of traumatic or congenital origins are 
excluded. All the samples sent for laboratory diagnosis are systematically tested 
for two diseases, WNV and equine herpes virus-1, and results are registered in the 
RESPE database. Currently, the collected data are mainly used to produce alerts 
when cases with positive laboratory diagnoses are identified. To obtain an 
outbreak-free baseline dataset, we used data from 2006 to 2013 that included 
only the 44 declarations without positive laboratory test results from the region of 
the French Mediterranean coast. The time series of nervous syndromes in horses 
is designated NervSy in subsequent sections.  

 Mortality in horses 1.2.

Data on mortality in horses have been centralized since 2011 in the “EDI-
SPAN” database, managed by all the French fallen stock companies and the 
French Ministry of Agriculture (Perrin et al., 2012). As WNV does not produce 
perinatal mortality, we only considered the 8 742 dead adult horses collected 
around the French Mediterranean coast between 2011 and 2014. The time series 
of mortality in adult horses is designated DeadHorse in subsequent sections. 

 Mortality in wild birds 1.3.

Data on mortality in wild birds are collected through the event-based 
surveillance system “SAGIR”, the national French surveillance network of diseases 
in wild birds and mammals, which collects declarations from field workers (e.g., 
hunters, technicians from departmental hunting federations, and environmental 
inspectors from the French National Hunting and Wildlife Agency (ONCFS)). 
Surveillance relies on diagnosis at a local veterinary laboratory (Decors et al., 
2014). Between 2007 and 2013, 292 dead wild birds were collected and 
necropsied around the French Mediterranean coast. The time series of the 
number of necropsied wild birds is designated DeadBird in subsequent sections.  
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2. Data modeling and simulation 

 Baselines modeling 2.1.

All time series were aggregated weekly. Using visual examination, abnormal 
peaks were observed only in DeadBird due to health troubles occurring in wild 
birds’ population (i.e., intoxication). These extreme values were removed based 
on a method adapted from Tsui et al. (Tsui et al., 2001): the entire dataset was 
first fitted to a negative binomial distribution (see Appendix I) and then values 
above the 95% confidence interval were deleted and replaced with the average 
value of the four previous weeks. 

To calibrate the models, we used NervSy data from 2006 to 2010, DeadHorse 
data from 2011 to 2013, and DeadBird data from 2007 to 2011. Instead, to 
validate the quality of predictions, we used NervSy data from 2011 to 2013, 
DeadHorse data from 2014, and DeadBird data from 2012 to 2013. To define the 
background noise of the time series without outbreaks, we fitted alternative 
regression models based on Poisson and negative binomial (NB) distributions (see 
Appendix I). Models were implemented in R x64 version 3.0.2. Dynamic regression 
was performed with the functions glm (package {stats}) and glm.nb (package 
{MASS}). The expected number of counts at time t was estimated with the predict 
functions of the respective packages. 

Models were evaluated using the Akaike information criterion (AIC) 
(Bozdogan, 1987), and the adjusted deviance (deviance/degree of freedom) was 
used as a measure of goodness-of-fit (GOF). The agreement between predicted 
and observed values was assessed according to the root-mean-squared error 
(Chai and Draxler, 2014). The criterion was assessed within the calibration period 
(RMSEc) and within the validation period (RMSEv). In either case, the lower the 
value, the better the predictive performance of the model.  

 Baselines simulation 2.2.

For each time series, the best regression model was used to predict the 
expected value of each week of the next simulated year. Distribution of cases for 
each week was defined as a Poisson distribution with lambda equals to the 
predicted value for the same week. Weekly samples from 100 fictive years were 
generated by random sampling from the previous distributions as proposed by 
Dórea et al. (Dórea et al., 2013). 
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 WNV outbreaks modeling  2.3.

The weekly counts of cases of five real European WNV outbreaks 
(Anonymous, 2007; Autorino et al., 2002; Kutasi et al., 2011; Leblond et al., 2007a; 
Murgue et al., 2001) were fitted to the NB distribution and the resulting 
distribution of the additional number of nervous cases due to WNV during an 
outbreak was NB(mu=3.12, theta=1.150). The mortality among horses clinically 
affected by WNV was fitted to a normal distribution (mean=0.384, standard 
deviation=0.128) based on (Autorino et al., 2002; Leblond et al., 2007a; Murgue et 
al., 2001; Ward et al., 2006). The NervSy dataset did not provide the real number 
of clinically affected horses, so we assumed that only 50% of horses with nervous 
symptoms were declared to RESPE. To estimate the real number of clinically 
affected horses, we simulated RESPE declarations of nervous symptoms 
associated with 100 WNV outbreaks and doubled the counts of horses obtained. 
The related weekly count of dead adult horses was then deduced and fitted to the 
NB distribution NB(mu=3, theta=2.005). The distribution of the weekly number of 
dead birds was estimated by expert’s opinions to be NB(mean=2.23, theta=3.34). 
Experts were European diplomates in equine internal medicine and persons 
involved in SAGIR network, RESPE network, and reference laboratories. They 
based their estimation on data available in the literature (Bakonyi et al., 2013); 
(Del Amo et al., 2014a, 2014b; Dridi et al., 2013; Sotelo et al., 2011; Ziegler et al., 
2013) and their personal knowledge acquired during the observation of real WNV 
outbreaks in Hungary, France, Italy and Spain during the last decade and their 
knowledge of equine and wild birds diseases in general.  

 WNV outbreaks simulation 2.4.

Data on real WNV outbreaks are scarce, so we used simulated outbreaks to 
evaluate our detection system. For each syndrome, the distribution of the number 
of cases during an outbreak was estimated with the fitdist function of the package 
{fitdistrplus}. Time series for each syndrome during 100 fictive outbreaks of 8 
weeks were simulated by randomly sampling the corresponding distribution. All 
the weeks within an epidemic time period have thus the same probability to have 
a high (or low) number of cases.  
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 Simulated WNV outbreaks insertion in simulated baselines 2.5.

One simulated outbreak was inserted in each year of simulated baseline. The 
outbreaks related to nervous cases in horses were randomly inserted, followed by 
the corresponding outbreaks related to wild bird mortality, such that the time lag 
between the first dead bird and the first nervous case in horses due to WNV was 
0, 1, or 2 weeks according to (Kulasekera et al., 2001). The corresponding horse 
mortality outbreaks were inserted such that half of the affected horses died the 
week of onset of clinical signs and half died the week after (Bunning et al., 2002; 
Cantile et al., 2000; Trock et al., 2001; Ward et al., 2006). A summary of time lag 
between nervous symptoms in horses, horses mortality and wild birds mortality is 
available in Appendix II figure 1. 

3. Outbreak detection  

 Bayesian framework 3.1.

Bayesian hypothesis testing is based on two mutually exclusive hypotheses 
which can be expressed in the syndromic surveillance context as H1, “there is an 
ongoing outbreak of WNV (or another event with similar symptoms)”, and H0, 
“there is no ongoing outbreak” (Andersson et al., 2014). The relative probability of 
the two hypotheses can be expressed as a ratio (Opri) which represents our a priori 
belief about the disease status: 

Eq.1   

When evidence in favor (or not) of each hypothesis is observed, we can build 
the a posteriori belief about the disease’s status (Opost): 

Eq.2   

where P(H1 |Ex) is the probability of H1 given the evidence E observed in time 
series x and P(H0 |Ex) is the probability of H0 given the evidence E observed in time 
series x in a particular week. 

Using this general framework with the application of Bayes’ theorem, Opost can 
be calculated as:  
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Eq.3   

where Vx is the value of evidence, P(Ex|H1) is the probability of observing the 
number of reported cases of syndrome x in a particular week given that H1 is true, 
and P(Ex|H0) is the probability of observing the number of reported cases of 
syndrome x in a particular week given that H0 is true.  

In order to estimate P(Ex|H1) and P(Ex|H0),  information on the probability 
distribution for the number of reported cases in non-outbreak and outbreak 
situations is used. The probability of Ex (observation of n cases in time series x) 
during an outbreak is calculated as: 

Eq.4   



n

i
outbase inPiPHEP

0
1 )()()|(  

where Pbase(i) is the probability of drawing i cases from the baseline 
distribution in time series x and Pout(i)  is the probability of drawing i cases from 
the outbreak distribution in time series x based on the shape of the outbreak, as 
previously simulated. 

To detect outbreaks, several values for Opost were tested to serve as alarm 
thresholds. 

 Combining time series 3.2.

When the three time series were combined, Vtot incorporated evidence from 
NervSy, DeadHorse, and DeadBird, respectively denoted as ENervSy, EDeadHorse, and 
EDeadBird.   

Assuming that the three sources of evidence were conditionally independent 
given outbreak status and seasonality of baselines, Vtot was calculated as: 

Eq.5   

and Opost_tot was calculated as: 

Eq.6  
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4. Performance assessment 

Sensitivity (Se) and specificity (Sp) were calculated as: 

Eq.7  Se = TP / (TP+ FN) 

Eq.8  Sp = TN / (TN + FP) 

where TP is the number of true positive alarms, TN the number of true 
negative alarms, FP the number of false positive alarms, and FN the number of 
false negative alarms.  

The receiver operating characteristic (ROC) curve was generated in R by 
testing various alarm thresholds, and the areas under the curves (AUC) were 
calculated with the auc function of the package {flux}. A larger AUC represented a 
better detection performance. 

 

C. RESULTS 

1. Modeling time series and simulating data 

For all time series the best fits were obtained for NB distributions. The 
resulting models’ parameters are summarized in Table 14 and corresponding 
baselines and predictions are shown in Figure 38. The probabilities of observing n 
cases and the resulting value of V (p(E|H1)/ p(E|H0)) during a non-outbreak 
(p(E|H0)) and an outbreak (p(E|H1)) situation for each time series are summarized 
in Figure 39.   

 

Table 14: Models and models parameters obtained for the three time series. 
Negative binomial distribution 

 AIC GOF RMSEc RMSEv 
Formulae theta mean 

NervSy ~ sin(2𝜋𝜋(𝑡𝑡 − 4) 18.33⁄ )
+ sin(2𝜋𝜋𝑡𝑡 26.5⁄ ) 0.413 0.077 143 0.279 0.30 0.39 

DeadHorse ~ 4 × (𝑡𝑡 − 4) 52⁄
+ 𝑡𝑡 + sin(2𝜋𝜋(𝑡𝑡 − 12) 53⁄ ) 176 40.3 1063 1.016 7.06 8.57 

DeadBird ~ 4 × (𝑡𝑡 − 4) 52⁄
+ sin(2𝜋𝜋𝑡𝑡 26.5⁄ ) 0.373 0.520 497 0.675 1.03 1.05 
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2. Outbreak detection 

We estimated the respective performance of each univariate system (NervSy, 
DeadHorse, and DeadBird) in detecting WNV outbreaks without considering any a 
priori values for disease status (Opri=1). Examples of simulated baselines with 
inserted outbreaks and associated variations in log10(V) are presented in 
Appendix II figure 2. 

The best results for univariate outbreak detection were obtained for NervSy, 
which outperformed analyses using DeadHorse and DeadBird (Figure 40 and Table 
15). DeadBird models yielded intermediary detection performances whereas 
models using DeadHorse were not able to discriminate between outbreak and 
non-outbreak situations (AUC≈0.50). 

 
Table 15: Area under the ROC curve (AUC) and standard error for univariate and 
multivariate outbreak detection using NervSy, DeadHorse and DeadBird. 

 

 NervSy DeadHorse DeadBird 
NervSy 

& 
DeadBird 

NervSy 
& 

Dead 
Horse 

DeadHorse 
& 

DeadBird 
Total 

AU
C 

0.80 0.50 0.75 0.87 0.80 0.75 0.87 

St
an

da
rd

 
er

ro
r 

0.0082 0.0097 0.0089 0.0068 0.0081 0.0089 0.0068 

 

The best results for multivariate outbreak detection were obtained for 
analyses that combined NervSy with DeadBird data, which gave similar results to a 
combination of the three time series (Figure 40 and Table 15). The results of using 
NervSy combined with DeadBird were also better than those obtained with each 
time series alone. For example, for a specificity set at 0.80, the sensitivity of the 
detection reached 0.80 with the combined NervSy and DeadBird series whereas it 
was 0.67 with NervSy and 0.60 with DeadBird alone. 
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Figure 38: three time series considered. NervSy: number of declaration of nervous 
syndrome in horses without positive lab result. DeadHorse: number of dead adult horses 
collected by French fallen stock companies. DeadBird: number of dead wild birds 
autopsied with values above the 95% confidence interval deleted. Dotted lines = training 
data, solid black lines = test data, solid blue lines = predicted value, solid red lines = 95% 
Confidence interval. 
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Figure 39: Value of evidence and probabilities of observing n cases during a non-outbreak 
(Base) and an outbreak (Out) situation. Base= distribution of distribution into the baseline, 
Out = distribution of cases related to a WNV outbreak, Tot= distribution of cases during an 
outbreak (Base + Out), Log(V)= log10(p(n|outbreak)/p(n|baseline)). Out was estimated 
with fitdistr function of the package {fitdistrplus} and was based for NervSy on NB(mu= 
3.12, theta =1.150), for DeadHorse on NB(mu= 3, theta =2.005), and for DeadBird on 
NB(mean= 2.23, theta=3.34).  
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Figure 40: ROC curves for univariate and multivariate outbreak detection using NervSy, 
DeadHorse and DeadBird. 

 

D. DISCUSSION 

This is the first time that a real assessment of sensitivity and specificity has 
been implemented for WNV syndromic surveillance. Previous early warning 
systems developed for WNV only identified risk factors of WNV outbreaks, but did 
not evaluate the detection performances of those systems (Bellini et al., 2014b; 
Brown, 2012; Chaskopoulou et al., 2013; El Adlouni et al., 2007; Gosselin et al., 
2005; Rosà et al., 2014; Shuai et al., 2006; Valiakos et al., 2014). Only two 
attempts to assess the sensitivity and specificity of surveillance have been made 
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(Andersson et al., 2014; Leblond et al., 2007a) but the parameters of interest were 
only evaluated based on a limited number of outbreaks, which did not allow any 
conclusions to be drawn regarding overall system performance. Timeliness has 
occasionally been evaluated but only based on a limited number of real WNV 
outbreaks, and has not been associated with a further evaluation of system 
performance (Calzolari et al., 2013; Chaintoutis et al., 2014; Eidson et al., 2001; 
Johnson et al., 2006; Mostashari et al., 2003; Veksler et al., 2009). In our study, we 
have refrained from assessing timeliness as there is currently little or no data to 
support assumptions on the temporal course on WNV outbreak in Europe 
especially in wild birds. Indeed, we are currently only able to estimate the number 
of cases expected during an epidemic time period, but not the difference between 
the number of expected cases at the start of an outbreak and later on. All the 
weeks within an epidemic time period are thus independent and have the same 
probability to have a high (or low) number of cases. In this situation, assessing 
which one is detected first would be not informative about the timeliness of our 
detection. However, further studies should be conducted on that point to rule on 
the efficiency of such surveillance in serving as early warning system for possible 
human viral infections.  

Our results indicated that when using a univariate detection method, NervSy 
was the best indicator of WNV outbreaks. This is consistent with the number of 
expected cases during an outbreak compared to the baseline of each time series 
considered (i.e. high number of case for NervSy, moderate number of cases for 
DeadBird, and low number of cases for DeadHorse). Indeed, models based only on 
the DeadHorse data resulted in poor detection performance at the regional level 
because mortality in horses is mainly due to causes other than WNV. To 
implement such surveillance system on the field, it would be necessary to assess 
the cost-effectiveness of the system in order to define, in close collaboration with 
decision-makers, the best balance between sensitivity and specificity. In addition, 
the real representativeness of datasets are still unknown and should be assessed 
as they might have a great impact on systems performances. However, it is hoped 
that our promising results will promote the timely collection and analysis of 
relevant data and the implementation of such studies.  

The best detection performance was obtained using multivariate syndromic 
surveillance based on reports of nervous symptoms in horses (NervSy) and wild 
bird mortality (DeadBird). It is complicated to know how different datasets 
complement one another. However, we can expect that dead birds would be 
mainly used to signal the start of an outbreak and that horses confirm the 
occurrence. To our knowledge, this is the first time that multivariate syndromic 
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surveillance has been implemented for WNV detection. Our results offer a wide 
range of opportunities but raise also questions regarding practical 
implementation on the field of such multivariate system. In the model, the value 
of evidence compares the probability of observing syndromes under baseline 
conditions and during a WNV outbreak and the calculation of specificity refers to 
false alarms from random aberrations. Consequently peaks in the syndromic data 
streams due to other causes such as (i.e., equine herpes virus-1 for NervSy or 
Avian Influenza or intoxication for DeadBird) will be presented as evidence in 
favor of WNV. The Bayesian framework offers the possibility to include differential 
diagnoses and specify their prior probability and expected impact on the 
distribution of counts in each data-stream. Doing so would enable us to estimate 
the posterior probability and evidence in favor of a WNV outbreak. However, such 
a model would be very complicated and hard to support with data. Instead we 
explicitly define our hypothesis of interest. When the model triggers an alarm, the 
distinction between WNV and other diagnoses will be made using field 
investigations.  

The Bayesian framework is a comprehensive and logical way to combine 
syndromic data from several data-streams and it seems well adapted for 
multivariate WNV detection using three indicators for WNV outbreak detection. 
This framework provides a means of weighting the results from syndromic 
surveillance and thus, additional information can be easily added. Then, a next 
step in the early detection of WNV outbreaks should be to test the efficiency of 
the method with other data, such as the predicted abundance of mosquitoes 
(Calistri et al., 2014; Rosà et al., 2014), environmental risk factors (Tran et al., 
2014), and risk of introduction (Bessell et al., 2014; Brown et al., 2012). In 
addition, the Bayesian approach could be easily adapted to spatiotemporal 
analysis. Such approach could be especially relevant for WNV surveillance as there 
are strong links between environment and WNV outbreaks and as we expect local 
clusters of cases (e.g., (Leblond et al., 2007b; Mostashari et al., 2003)). Without 
integrating a spatiotemporal approach, the usefulness of a multivariate syndromic 
approach could be limited especially for vector-borne diseases surveillance, and 
thus the next step would be to develop and test a spatiotemporal model. 
However, the quality of geographical information of reported cases used in our 
study are currently insufficient to implement spatiotemporal analysis. In future 
studies, it would be interesting to improve data quality in order to test if 
spatiotemporal analysis could also improve WNV detection and to rule on the 
usefulness of Deadhorse time series. Indeed, using another spatiotemporal scale, 
local clusters of deaths in horses might be used as a signal of a WNV outbreak.  
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E. CONCLUSION  

The proposed approach gives promising results for improving surveillance of 
WNV in France, and maybe also more generally in Europe. It offers a 
comprehensive and logical way to combine syndromic data from several data-
streams which can be relevant to improve the surveillance of many other diseases 
(e.g., Bluetongue virus combining data from milk yield and stillbirths, or Japanese 
encephalitis combining data on nervous symtoms in horses and reproductive 
losses in swine). However, questions remain on the practical implementation on 
the field of such multivariate system especially regarding interpretation of 
combined signal, and detection’s timeliness to serve as an early signal for possible 
human WNV infections in Europe. It is hoped that our results will support the 
implementation of further studies to solve these questions and that they will 
contribute to develop more collaborative work between existing surveillance 
networks. 
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H. APPENDIX  

1. Appendix  

Table 1: Variables tested for each time series available and for Poisson and negative 
binomial distributions 

 

Table 2: Negative binomial model used to remove extreme values from DeadBird 
using Tsui et al. approach 

Negative binomial distribution 
AIC GOF RMSEc 

Formulae theta mean 

DeadBird ~ 8 × (3 + 𝑡𝑡) 52⁄
+ sin(2𝜋𝜋𝑡𝑡 26.5⁄ ) 0.22 0.79 819 0.65 1.84 

Variable name Variable description 
year Year considered 
week Week of the year considered 
time Week number according to the total number of weeks available 

in the dataset 
season Season of the year considered 
month Month of the year considered 
mysin sin(2*pi*(week/53) ) 
mycos cos(2*pi*(week/53) ) 
period8 Round(week*8/52) 
period8shift Round((3+week)*8/52) 
season.shift2 Round((week-4)*4/52) 
sinX2 sin (2*pi* week/26.5) 
sinX2.shift sin (2*pi*(week-6)/26.5) 
sinminus6 sin (2*pi*(week-6)/53) 
sinminus12 sin (2*pi*(week-12)/53) 
sinminus18 sin (2*pi*(week-18)/53) 
sinX4.shift sin (2*pi*(week-3)/13.25) 
sinX4 sin (2*pi*(week)/13.25) 
sinX3.shift sin (2*pi*(week-4)/18.33) 
sinX3 sin (2*pi*(week)/18.33) 
histmean mean of the 53 previous weeks (and guard band of 4 weeks) 
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2. Appendix  

 
Supplementary figure 1: Course of WNV outbreak considering mortality in wild birds, 
nervous symptoms in horses and mortality in horses: duration of syndromes and time lag 
between them. 
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Supplementary figure 2: Examples of simulated baseline with inserted outbreak and 
corresponding variation of the value of evidence (V). solid black line = simulated data, 
solid blue line = predicted value, solid red line = 95% confidence interval, Dotted lines = 
log10(V) 
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CHAPTER VIII 
GENERAL DISCUSSION 

 

The objective of this work was to address the challenges of establishing early 
warning systems for VBDs in horses by using quantitative risk assessments and 
syndromic surveillance, separately and in concert. All the methods developed in 
this work provided estimates of the risk of a VBD outbreak in horses and may help 
to address the challenge of VBD surveillance in horses. However, many questions 
were raised in the implemention of these approaches (i.e. quantitative risk 
assessments and/or syndromic surveillance).  

In this chapter, I present a brief summary of the main results obtained 
regarding the specific case of VBDs in horses, and I balance these against our 
initial objective and work already conducted on this topic. Then, from a wider 
perspective, I address how our approaches may support decision making and how 
they relate to demonstrating the absence of disease. Finally, I discuss the practical 
implementation of such methods.  

 

A. EARLY WARNING SYSTEM OF VBDS IN HORSES 

1. Quantitative risk assessments 

The approach used in Chapters 2, and 3 provided a detailed picture of the 
probability of outbreaks of AHS and EEV. In particular, the spatiotemporal risk 
analysis highlighted important spatiotemporal variations in probabilities of 
diseases entry, establishment and introduction. This is consistent with the non-
homogeneity of the horse population and movements and with the link between 
VBDs and climate/environment. Performing a spatiotemporal analysis is thus 
useful for identifying the regions and time periods that are most at risk. In 
addition, by combining the probability of entry and risk of establishment for two 
routes of virus introduction, we provided a more complete picture of the risk 
posed by a pathogen compared to risk assessments that involve only a single 
route of introduction or a single probability. By combining two routes of pathogen 
entry, we were able to better understand the risk posed by a pathogen to the 
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equine industry. However, to have a complete understanding of the risk, it would 
be necessary to also take into account other routes of pathogens entry not 
consider in this work (e.g., wind borne, illegral trade). 

It might be worthwhile to apply this method to studies of other pathogens. In 
particular, assessments of the risk of bluetongue virus introduction could be easily 
implemented, as this virus is Culicoides-borne and is similar to the viruses 
responsible for African horse sickness and equine encephalosis. However, the 
method can also be easily adapted to other vector-borne diseases as long as 
vector-related data (extrinsic incubation period, survival rate, abundance, etc.) 
and host-related data (viremia, incubation period, etc.) are available (keeping in 
mind, of course, that more model adaptations would be required for models of 
diseases that are less similar to AHS). In particular, the probability of virus 
establishment in our examples was quite simple to calculate, but could be more 
complicated for diseases with more complex transmission cycles (e.g., diseases 
with vertical transmission, multiple hosts and vector species, and/or vectors with 
a slow biological cycle, such as ticks). Careful consideration must thus be taken in 
adapting the model to another disease. This is especially true given our finding 
that even very similar diseases, such as EE and AHS, lead to quite different risk 
assessment outputs (see Chapter 4). 

Additionally, although quantitative risk assessment is not a new method for 
assessing the probability of outbreak occurrence, spatiotemporal analyses and 
combinations of probabilities and of entry routes are still rarely implemented in 
animal health. The low number of publications found in the literature that 
combine routes of pathogen entry and probabilities of entry and establishment 
can be explained by two factors. Firstly, the propagation of bias and uncertainty 
that results from combining multiple data sources (Hoffman and Hammonds 
1994) can complicate the interpretation of results. Secondly, each process 
requires a different estimate of risk and different measures of risk mitigation, 
which some researchers prefer to keep separate (Stevens et al. 2009). Indeed, a 
large amount of data and scientific knowledge is needed to build such a complex 
spatiotemporal risk model. The data were hard to obtain, and not ready to use. 
When data are routinely collected, usually they are not formatted for use in the 
context of risk assessment, and thus an important step of data preprocessing is 
often needed. As an example, the TRACES database contains data on horse 
movements, but it was not straightforward to extract the relevant information.  

This part of the work also highlighted some limits specific to the equine 
industry. In particular, the available data were sometimes inaccurate because the 
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equine industry is fragmented, animals are poorly tracked and few databases 
exist. When data do exist, they are rarely centralized, which presents problems 
regarding accessibility and standardization. Further work is needed to improve the 
quality of data on horses. It would be particularly helpful to reinforce the tracking 
of horse movements, develop a centralized system for horses registration and to 
continue with efforts to identify the location of horses using awareness campaigns 
or field surveys. 

My work thus advocates for the wider use of these kinds of approaches in 
order to obtain a more detailed and complete picture of the risk. However, the 
method implemented in these three chapters is time- and data-consuming, which 
constitutes one of the major obstacles to its wider implementation in risk 
estimation. This limitation may also restrict efforts to update the model and its 
outputs. 

2. Syndromic surveillance 

Using a Bayesian approach, we were able to provide a quantitative evaluation 
of the risk of an outbreak and generate an easy-to-interpret output that was 
simple to combine with other epidemiological knowledge, such as disease 
seasonality. This is especially important for the surveillance of VBDs, where 
transmission risk follows seasons. The output can be also combined with socio-
economic information in order to facilitate a more transparent and evidence-
based decision-making process. In syndromic surveillance, Bayesian approaches 
have previously been mainly used for spatiotemporal outbreak detection and/or 
to assess unknown posterior probabilities by using hierarchical Bayesian models 
that involve inferences (Schmidt and Pereira 2011, Banks et al. 2012,Neill et al. 
2006,Chan et al. 2010,Zou et al. 2010). The simple Bayesian approach developed 
in chapter 5 is less robust, from a mathematical point of view, than full inference-
based Bayesian models, which take into account the uncertainties of parameter 
estimation. However, our approach is also much easier to implement and to 
understand. This is an advantage compared to more complex approaches, which 
are often too complicated for decision makers who lack experience with these 
methods to understand (Banks et al. 2012). The simple Bayesian approach used 
here could thus be a good compromise between rigor and ease-of-understanding 
of the presented results. 

To date, syndromic surveillance systems have rarely been implemented in 
animal health and even less often for diseases in horses, a deficiency that our 
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work seeks to address. If syndromic surveillance is still rarely implemented in 
horses, it is probably due at least in part to the lack of data available for this 
population (e.g., few centralized databases on horse health, mainly due to the 
diversity of activities in the equine industry). In Europe, we have only been able to 
identify three syndromic surveillance initiatives for horses, based on a recent 
review by Dupuy et al. (Dupuy et al. 2013a) and an additional literature search. 
One such initiative is present in the UK, associated with the Equine Quarterly 
Surveillance Reports (DEFRA/AHS/BEVA 2015), another is in the Netherlands 
(Rockx et al. 2006), and the third is in Switzerland, linked to the Equinella network 
(https://www.equinella.ch/). At the time of writing, none of these systems (RESPE 
included) uses statistical tools to detect the signal of an outbreak prior to its 
formal diagnosis. Instead, the alarm threshold is typically set at an arbitrary level 
using raw data. 

The representativeness of the RESPE data was not evaluated here, but was 
recently investigated by that organization (Daix 2014). The study identified 430 
sentinel veterinarians who truly participated in the reporting system. They are not 
equally distributed all over France, but rather present in 92 (of 96) French regions 
and concentrated in areas with high horse densities. The questionnaires filled out 
by 63% of the active sentinel veterinarians revealed that 26% do not declare all 
suspect cases to RESPE. The reasons cited were: no consent from owner, 
omission, lack of time, and definitive diagnosis obtained without laboratory 
analysis. Most of the sentinel veterinarians reported seeing only a few suspect 
cases, which explained the low number of declarations reported per veterinarian. 
These elements suggest that the representativeness of the RESPE data is probably 
acceptable. However, it is unknown how these factors specifically affect the 
reporting of nervous and respiratory symptoms. Indeed, some veterinarians seem 
to declare only certain symptoms and not others. Therefore, it would be 
important to perform a detailed assessment of the RESPE system in order to 
ensure optimal outbreak detection performance. 

In addition to the diseases studied here, syndromic surveillance could also be 
used to monitor for the presence of other exotic diseases that induce nervous 
symptoms in horses, such as Eastern and Western equine encephalitis, 
Venezuelan equine encephalitis, or Japanese encephalitis, which are of serious 
concern for public health. It would also be interesting to explore other symptoms 
occurring in horses. Here, I considered only nervous and respiratory symptoms, 
but future surveillance systems could also use data on abortions, for example, to 
detect equine arteritis virus, another disease of interest for the equine industry. In 
the present work, I did not quantitatively compare the respective performances in 
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outbreak detection of classical approach with an alarm threshold that was a 
multiple of the standard error of prediction and Bayesian approach, but this step 
would also be important for future work. 

3. Combining risk 

To improve confidence in the prediction of an ongoing outbreak, I combined 
in chapter 6 different sources of risk assessment by using multivariate syndromic 
surveillance. This approach provided better detection performance than 
univariate syndromic surveillance, but it is rarely implemented in veterinary public 
health. At the time of writing, it has been reported from only two initiatives in this 
field: (Höle et al. 2007) which used multivariate CUSUMs for rabies surveillance, 
and (Dorea et al. 2013d) which used a scoring system for combining algorithms 
outputs. It could however be applied in a wide range of situations. Considering 
other VBDs that affect horse populations, it could be also used, for example, to 
monitor for Japanese encephalitis, by combining surveillance of nervous 
symptoms in horses with that of reproductive diseases in swine. Multivariate risk 
analysis is heuristically better than univariate risk analysis. However, there are a 
number of practical issues that make multivariate analysis difficult to implement. 
For example, the multivariate syndromic surveillance systems developed in 
chapter 6 assumed that the data sources were independent and that changes 
during an outbreak occurred simultaneously in all data considered. These 
assumptions were simple but justifiable with WNV surveillance that used nervous 
symptoms in horses, mortality in wild birds, and mortality in horses. However, 
adapting the approach to another disease, such as Japanese encephalitis, may 
require different assumptions and thus models of greater complexity, in order to 
deal with interactions between risk sources (Frisén et al. 2010). This is not a 
fundamental limitation of the approach, but further complications in model 
implementation may place limits on its practical use.  

As a further step in risk combination, we could also combined assessments of 
the risk of introduction with syndromic surveillance using the probability of 
introduction as a prior for the Bayesian approach as presented in chapter 5 with a 
simpler estimation of the prior. Such integrated surveillance systems already exist 
in animal health, in particular for WNV surveillance. For example, the system 
implemented in California provides updated risk maps in which all information is 
gathered together through a scoring system (Brown 2012); similar systems also 
exist in Canada (Gosselin et al. 2005), Italy (Bellini et al. 2014a), and Greece 
(Chaskopoulou et al. 2013). However, unlike our proposed approach, these 
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integrated surveillance systems do not provide a single and quantitative output 
that combines all the collected information. Our proposed approach thus 
represents a promising way to build a surveillance system that can quantitatively 
combine several estimations of risk in a single risk indicator. This method could be 
of particular use for the surveillance of VBDs, as it can include information on 
seasonality and environmental risk factors, which are both fundamental 
parameters of VBD biology. In addition, combining syndromic surveillance with 
other epidemiological information is a way to improve the specificity of detection 
and could thus strengthen the surveillance of VBDs. This approach could also be 
applied to various other exotic diseases, such as equine encephalitis or exotic 
strains of bluetongue virus.  

 

B. SUPPORT DECISION-MAKING 

The present work was primarily interested in quantitatively combining 
different sources of risk information (i.e. routes of pathogen entry, probabilities of 
entry and establishment, syndromic surveillance data sources, syndromic 
surveillance and risk assessment). Apart from the obvious benefits of producing 
more reliable and more complete information, such an approach is also a good 
way to further support decision making in veterinary public health. 

At the individual level, decision making is the cognitive process that leads to 
the selection of a course of action and ends with a final choice. Decision making is 
a part of risk management (OIE 2010) and is based on a complex combination of 
rational analysis and subjective opinion (Slovic et al. 2005, Damasio 1995). In 
public health, there is a consensus that decision making should be strictly rational 
and based on a combination of scientific evidence, available resources, and 
context (Brownson et al. 2010). The concept of evidence-based practice dates 
from 1971 (Cochrane 1999). It was initially developed for clinical medicine but the 
evidence-based philosophy has now also been adopted in public health. Evidence-
based public health (EBPH) can be defined as a ‘public health endeavour in which 
there is an informed, explicit, and judicious use of evidence that has been derived 
from any of a variety of science and social science research and evaluation 
methods’ (Rychetnik et al. 2004). EBPH and the related evidence-based veterinary 
public health (EBVPH) are still in their early stages (Latham et al. 2013), although 
guidelines and tools have recently emerged from international agencies (see, for 
example, the European Centre for Disease Prevention and Control (ECDC 2011) 
and the Center for Disease Control and Prevention (Jacobs et al. 2012)). The fact 



 

251 

 

remains, though, that in the real world, decisions in public health are rarely made 
using empirical-analytical models, but are often conjectures based on crises, hot 
issues, short-term opportunities, concerns of organized interest groups, political 
and practical judgments, and public concern (Sanderson 2002, Brownson et al. 
2010, Head 2010, Rutherford et al. 2010).  

Several factors explain the limited use of EBPH, such as the lack of 
understanding of evidence-based methodologies by policy makers and the lack of 
relevant data and formalized systems (Brownson and Jones 2009, Dobbins et al. 
2004, Latham et al. 2013, Lomas 1997, Rutherford et al. 2010). The absence of 
agreement on how to interpret and compare different types of evidence is also a 
problem for EBPH implementation (Tannahill 2008, Dobbins et al. 2007, Latham et 
al. 2013). Indeed, decision makers in EBPH and EBVPH often have to combine 
different types of evidence and the decision process can be very complex (ECDC 
2011). This problem has become particularly acute because the volume of 
information is increasingexponentially and diverse sources of data are rarely 
presented together, making gathering, synthesizing, and interpreting them an 
increasingly challenging task (Rutherford et al. 2010).  

By providing decision makers with a single risk indicator that synthesizes 
different risk assessments about the presence of an outbreak, I hope to promote 
the development of EBVPH. Our approach allowed us to combine in a single 
quantitative risk indicator as much evidence as needed. For example, in Chapter 6 
we combined different syndromic surveillance data sources (i.e. multivariate 
syndromic surveillance) However, more complex models can be built that involve 
other risk estimations such as considering syndromic surveillance together with 
the risk of pathogen entry. The present work is thus especially relevant for efforts 
to facilitate decision making. In particular, the work conducted in Chapter 5 
illustrates how risk analysis can fit easily with decision theory and cost-efficiency 
analysis, yet another way to help decision makers and to promote a more rational 
decision-making process in veterinary public health. Nevertheless, further work 
remains to be done on determining the cost of diseases and disease surveillance 
(Babo Martins and Rushton 2014). 

 

C.  DEMONSTRATING FREEDOM OF DISEASE 

Although risk indicators never prove the presence of a disease, they suggest 
the likelihood of its existence in a particular place. This is of course particularly 
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true for indicators of combined risks. It could thus be counterproductive if 
decision makers try to prove freedom from disease in high-risk areas.  

Demonstrating that a country is free from a disease is a complex issue, and it 
is rare to prove absolute freedom from disease (with the exception of highly 
contagious diseases with clear clinical signs for which, when there is no case, 
there is also no disease). According to the OIE Terrestrial Animal Health Code (OIE 
2014), a free zone is defined as a zone in which the absence of the disease under 
consideration has been demonstrated by the requirements given in the Code for 
free status. Given that surveillance does not detect any infected animal (S-), the 
probability of freedom (D-) is estimated, with the final result that, if the disease is 
nevertheless present, its prevalence will be lower than a set threshold by a certain 
level of confidence.  

Based on (Martin et al. 2007a; Martin et al. 2007b), the FAO manual on risk-
based surveillance (FAO 2014) proposed a method for estimating the probability 
of freedom (Pfree) using Bayes’ theorem and accumulated historical information. 
Pfree is calculated as: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑃𝑃(𝐷𝐷 − |𝑆𝑆 −) = (1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃) × 𝑆𝑆𝑆𝑆
(1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃) × 𝑆𝑆𝑆𝑆 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × (1 − 𝑆𝑆𝑃𝑃) 

where Sp and Se are the specificity and sensitivity of the surveillance system 
and Prior is the prior probability that the country is infected.  

However, the resulting probability of freedom is expected to be quite low. An 
accumulation of historical information about the probability of freedom over time 
is thus used to build a better estimate of this probability. Pfree for the previous 
time period is calculated and used as the prior for the current time period of 
evaluation. In other words, Pfreet  calculated at time period t can be estimated 
with: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 = (1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡) × 𝑆𝑆𝑆𝑆
(1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡) × 𝑆𝑆𝑆𝑆 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 × (1 − 𝑆𝑆𝑃𝑃) 

where Priort is the resulting probability of two non-exclusive states: “the 
country was not free from the disease to begin with” or “the country became 
infected during the time period considered”. Priort  is thus calculated as: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡  = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡−1 + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡−1)
= 1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡−1) + 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × (1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡−1)) 

and 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡) = 1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡−1) − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡−1) × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 
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where Postt-1 is the probability to be not free from the disease, or to be 
infected, at t-1 (also equals to 1 – Pfreet-1) and Pintro is the probability to become 
infected between t and t-1.  

Applying such an approach to the surveillance systems presented in this work 
is thus a way to calculate the probability of freedom using evidence that suggests 
the presence of the disease. In this case, Se and Sp are the sensitivity and 
specificity of the syndromic surveillance system and Pintro is the probability of 
disease introduction. It would also be possible to use either the combination of 
syndromic surveillance and risk analysis or each approach individually to 
demonstrate freedom from disease. Of course, such an approach would only be 
relevant for an exotic infection that spreads slowly and causes few symptoms.  For 
example, in the work conducted here, this method could be used for equine 
encephalosis but not for African horse sickness.  

 

D. PRACTICAL IMPLEMENTATION OF INTEGRATED SURVEILLANCE 

SYSTEMS 

Providing decision makers with a single risk indicator that synthesizes the 
different risks related to an outbreak could potential be very useful, but also 
results in a complex surveillance system which can be complicated to put into 
practice. 

Firstly, such a complex surveillance system requires a large amount of data, 
which is not always easy to obtain (e.g., animal movements, vector abundance, 
host geographical localization, declarations from field workers). In addition, even 
when data are available, they are often formatted in many different ways, 
especially at the European level (e.g., different definitions, different geographical 
units). This is of concern for the use of the data (i.e. a lengthy initial step of 
preprocessing is needed) but also for sharing the results with partners involved in 
disease surveillance. However, sharing surveillance results is particularly 
important for the European Union, where movements of animals and humans are 
not (or only poorly) tracked within the community. Disease surveillance in the EU 
therefore depends in part on reliable and up-to-date data-sharing among member 
countries. The lack of high-quality and standardized data constitutes a problem 
not only for the initial implementation of a system, but also for its maintenance. It 
is especially a concern for syndromic surveillance systems in which reporting has 
to be continuously stimulated in order to obtain data. Improvements in data 
collection may be encouraged, however, by proof that the data are important for 
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disease surveillance. Although initial efforts, such as the present work, might be 
complicated to implement due to the lack of good data available, they can also be 
used to promote the need for better data collection. 

Secondly, the complexity of a surveillance system may result in a reluctance to 
trust it on the part of decision makers, given the large amount of information and 
uncertainties involved. The Bayesian approach used in the present work partially 
solved this concern. This approach is transparent and offers an explicit separation 
of assumptions, scientific evidence, and criteria for decisions. However, further 
work should be conducted to ensure its proper communication and acceptance. 
Indeed, a complex system that combines different risk estimations requires 
several underlying assumptions, and, before any practical implementation of such 
a system, it would be necessary to thoroughly explain how to use it and interpret 
the output. In addition, future work must include a full assessment of system 
performance, the only guarantee of the reliability of the surveillance outputs. 
However, it remains challenging to evaluate multivariate surveillance methods 
due to the several dimensions and complex time relations involved (Frisén et al. 
2010). One potential approach that could help would be the use of Monte Carlo 
simulations, as proposed by Frisén and colleagues (Frisén et al. 2010). 

Many different issues remain to be solved before such complex surveillance 
systems can be broadly applied in veterinary public health. However, the work 
conducted here shows that these approaches have huge potential and can be 
seen as a promising initial step. Future work should focus on thorough 
assessments of system performance and effective communication to interested 
parties. As more data become available online and access to data improves, such 
systems will play an invaluable role in future disease monitoring efforts. 

 

E. CONCLUSION 

The present work proposed to improve the surveillance of vector-borne 
diseases in horses though different approaches that assessed the probability of 
occurrence of a newly introduced epidemic. First, we developed a model of 
quantitative risk assessment to improve estimates of the risk of pathogen 
introduction. In particular, we performed a spatiotemporal analysis, 
simultaneously analyzed two routes of virus entry, and also combined the 
probability of virus entry with the probability of virus establishment. Second, we 
implemented and assessed syndromic surveillance systems using a Bayesian 
approach based on a likelihood ratio. The Bayesian approach was especially useful 
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as it provided a quantitative assessment of the syndromic surveillance output and 
was able to combine different information. We therefore also used this approach 
to combine various sources of risk estimation in order to improve the 
assessement of the probability of occurrence of a newly introduced epidemic. We 
performed multivariate syndromic surveillance. Approaches that quantitatively 
combined evidence provided promising results. This work, based on risk 
estimations, strengthens the surveillance of VBDs in horses and has potential in 
supporting decision making. In the end, we hope to encourage the improvement 
of data collection and data sharing, stimulate the implementation of a full 
assessment of complex surveillance system performance, especially in terms of 
cost-efficiency, and promote the adoption of the approach by decision makers 
and other parties involved in disease surveillance through effective 
communication and training. 
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SUMMARY 
Emerging vector-borne diseases are a growing concern, especially for horse 

populations, which are at particular risk for disease spread. In general, horses 
travel widely and frequently and, despite the health and economic impacts of 
equine diseases, effective health regulations and biosecurity systems to ensure 
safe equine movements are not always in place. The present work proposes to 
improve the surveillance of vector-borne diseases in horses through the use of 
different approaches that assess the probability of occurrence of a newly 
introduced epidemic.  

First, we developed a spatiotemporal quantitative model which combined 
various probabilities in order to estimate the risk of introduction of African horse 
sickness and equine encephalosis in The Netherlands and in France. Such 
combinations of risk provided more a detailed picture of the true risk posed by 
these pathogens.  

Second, we assessed syndromic surveillance systems using two approaches: a 
classical approach with the alarm threshold based on the standard error of 
prediction, and a Bayesian approach based on a likelihood ratio. We focused 
particularly on the early detection of West Nile virus using reports of nervous 
symptoms in horses. Both approaches provided interesting results but Bayes’ rule 
was especially useful as it provided a quantitative output and was able to combine 
different epidemiological information.  

Finally, a Bayesian approach was also used to quantitatively combine various 
sources of risk estimation in a multivariate syndromic surveillance system (applied 
to West Nile virus in South of France). Combining evidence provided promising 
results.  

This work, based on risk estimations, strengthens the surveillance of VBDs in 
horses and can support public health decision making. It also, however, highlights 
the need to improve data collection and data sharing, to implement full 
performance assessments of complex surveillance systems, and to use effective 
communication and training to promote the adoption of these approaches.  
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RÉSUMÉ EN FRANÇAIS 
Les maladies émergentes à transmission vectorielle sont une préoccupation 

croissante et particulièrement lorsqu’elles affectent les chevaux, une population 
spécirfiquement à risque vis-à-vis de la propagation de maladies. En effet, les 
chevaux voyagent fréquemment et, malgré l’impact sanitaire et économique des 
maladies équines, les règlementations sanitaires et les principes de biosécurité et 
de traçabilité censés assurer la sécurité des mouvements d'équidés ne sont pas 
toujours en place. Notre travail propose d'améliorer la surveillance des maladies à 
transmission vectorielle chez les chevaux en utilisant différentes méthodes pour 
estimer la probabilité d'émergence d'une maladie.  

Tout d'abord, nous avons développé un modèle quantitatif et spatio-temporel 
combinant différentes probabilités pour estimer les risques d'introduction de la 
peste équine et de l’encéphalose équine. Ces combinaisons permettent d’obtenir 
une image plus détaillée du risque posé par ces agents pathogènes.  

Nous avons ensuite évalué des systèmes de surveillance syndromique par 
deux approches méthodologiques: l'approche classique avec un seuil d'alarme 
basé sur un multiple de l'erreur standard de prédiction, et l'approche bayésienne 
basée sur le rapport de vraisemblance. Nous avons travaillé ici principalement sur 
la détection précoce du virus West Nile en utilisant les symptômes nerveux des 
chevaux. Les deux approches ont fourni des résultats prometteurs, mais 
l’approche bayésienne était particulièrement intéressante pour obtenir un 
résultat quantitatif et pour combiner différentes informations épidémiologiques.  

Pour finir, l'approche bayésienne a été utilisée pour combiner 
quantitativement différentes sources d'estimation du risque et notamment 
construire un système de surveillance syndromique multivarié (appliqué à la 
surveillance du virus West Nile dans le sud de la France). Ces combinaisons ont 
données des résultats prometteurs.  

Ce travail, basé sur des estimations de risque, contribue à améliorer la 
surveillance des maladies à transmission vectorielle chez les chevaux et facilite la 
prise de décision. Les principales perspectives de ce travail sont d'améliorer la 
collecte et le partage de données, de mettre en œuvre une évaluation complète 
des performances des systèmes de surveillance multivariés, et de favoriser 
l'adoption de ce genre d’approche par les décideurs en utilisant une interface 
conviviale et en mettant en place un transfert de connaissance.  
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SAMENVATTING IN HET NEDERLANDS 
Opkomende vectoroverdraagbare ziekten zijn een toenemende zorg, vooral in 

de paardenpopulaties die een speciale rol lijken te spelen in de verspreiding van 
infectieziekten. In het algemeen reizen paarden ver en vaak en ondanks 
gezondheids- en economische impact van paardenziekten zijn effectieve 
regelingen rond preventie van infectieziekten niet altijd goed geïmplementeerd, 
zodat het reizen van paarden niet altijd veilig verloopt. Het hier gepresenteerde 
werk probeert om de surveillance van vectoroverdraagbare paardenziekten te 
verbeteren door op verschillende manieren de kans op vóórkomen van een 
geïntroduceerde epidemische infectie te beoordelen. 

Als eerste hebben we een spatio-temporeel kwantitatief model ontwikkeld, 
waarin verschillende kansen worden gecombineerd om het risico op introductie 
van Afrikaanse paardenpest en equine encefalose in Nederland en in Frankrijk te 
schatten. De combinatie van risicoschattingen levert een gedetailleerd beeld op 
van de werkelijke risico’s van deze pathogenen. Ten tweede hebben we 
syndroomsurveillance systemen vergeleken die gebruikmaken van twee 
aanpakken: een klassieke aanpak waarbij een drempelwaarde wordt gebruikt als 
alarm gebaseerd op de standaardfout van de voorspelling en een Bayesiaanse 
aanpak gebaseerd op de waarschijnlijkheidsratio. Hiermee hebben we gekeken 
naar vroegdetectie van West Nijl virus op basis van meldingen van symptomen 
van het zenuwstelsel in paarden. Beide benaderingen gaven interessante 
resultaten. Het gebruik van de stelling van Bayes was in het bijzonder bruikbaar 
vanwege de kwantitatieve uitkomst en de mogelijkheid om verschillende vormen 
van epidemiologische informatie te combineren. 

Tenslotte is een Bayesiaanse aanpak gebruikt om risicoschattingen uit 
verschillende bronnen kwantitatief te combineren in een multivariaat 
syndroomsurveillancesysteem (toegepast op West Nijl virus in Zuid-Frankrijk).  

Het combineren van verschillende bronnen van bewijs bronnen gaf 
veelbelovende resultaten. Dit werk, gebaseerd op risicoschattingen, versterkt de 
surveillance van vectoroverdraagbare dierziekten in paarden en kan 
besluitvorming voor volksgezondheidsrisico’s ondersteunen. Het benadrukt ook 
het belang van verbeterde dataverzameling, datauitwisseling en 
datatoegankelijkheid om volledig functionerende complexe surveillance systemen 
te kunnen implementeren, en het benadrukt de behoefte aan effectieve 
communicatie en training om deze aanpakken te bevorderen. 
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