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Abstract

The spread of African swine fever (ASF) poses a grave threat to the global swine industry.
Without an available vaccine, understanding transmission dynamics is essential for designing effective
prevention, surveillance, and intervention strategies. These dynamics can often be unraveled through
mechanistic modelling. To examine the assumptions on transmission and objectives of the mechanistic
models of ASF, a systematic review of the scientific literature was conducted. Articles were examined
across multiple epidemiological and model characteristics, with filiation between models determined
through the creation of a neighbor-joined tree using phylogenetic software.

Thirty-four articles qualified for inclusion, with four main modelling objectives identified:
estimating transmission parameters (11 studies), assessing determinants of transmission (7), examining
consequences of hypothetical outbreaks (5), assessing alternative control strategies (11). Population-
based (17), metapopulation (5), and individual-based (12) model frameworks were represented, with
population-based and metapopulation models predominantly used among domestic pigs, and
individual-based models predominantly represented among wild boar. The majority of models (25) were
parameterized to the genotype Il isolates currently circulating in Europe and Asia.

Estimated transmission parameters varied widely among ASFV strains, locations, and
transmission scale. Similarly, parameter assumptions between models varied extensively. Uncertainties
on epidemiological and ecological parameters were usually accounted for to assess the impact of
parameter values on the modelled infection trajectory. To date, almost all models are host specific,
being developed for either domestic pigs or wild boar despite the fact that spillover events between
domestic pigs and wild boar are evidenced to play an important role in ASF outbreaks. Consequently,
the development of more models incorporating such transmission routes is crucial. A variety of codified
and hypothetical control strategies were compared however they were all a priori defined interventions.
Future models, built to identify the optimal contributions across many control methods for achieving
specific outcomes should provide more useful information for policy-makers. Further, control strategies
were examined in competition with each other, which is opposed to how they would actually be
synergistically implemented. While comparing strategies is beneficial for identifying a rank-order
efficacy of control methods, this structure does not necessarily determine the most effective
combination of all available strategies. In order for ASFV models to effectively support decision-making
in controlling ASFV globally, these modelling limitations need to be addressed.
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African swine fever (ASF)

African swine fever virus (ASFV)

European Union (EU)

Foot and mouth disease (FMD)

Classical swine fever (CSF)

Population-based model (PBM)

Individual-based model (IBM)

Susceptible, exposed, infectious, removed (SEIR)
Susceptible, exposed, infectious (SEl)

. Denmark Technical University, Davis Animal Disease Simulation, African Swine Fever model

(DTU-DADS-ASF)

Between Farm Animal Spatial Transmission model (Be-FAST)
North American Animal Disease Spread Model (NAADSM)
Susceptible, infectious (SI)

Confidence interval (Cl)

Highest posterior density interval (HPDI)

Credible interval (Crl)
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Introduction

African swine fever (ASF) is one of the highest consequence diseases of domestic pigs, listed as a
notifiable disease by the World Organization for Animal Health (OIE, 2019). With a case-fatality rate
approaching 100% for highly-virulent strains and severe trade restrictions wherever its emergence is
recognized, this hemorrhagic fever is socioeconomically devastating to both individual farms and
affected countries (FAO, 2009; Blome et al., 2013; Dixon et al., 2020).

African swine fever is caused by the ASF virus (ASFV), a double-stranded DNA virus belonging to
the sole genus Asfivirus within the Asfarviridae family, and is the only known DNA arbovirus (Alonso et
al., 2018; Dixon et al., 2020). The virus is genetically and antigenically highly variable, and with twenty-
four genotypes identified ASFV can infect all members of the Suidae family, though only Sus scrofa
(including domestic and feral pigs, and Eurasian wild boar) exhibit clinical disease (Sanchez-Vizcaino et
al., 2012; Dixon et al., 2020).

Endemic to most sub-Saharan countries, ASF was discovered following the introduction of
European domestic pigs into Kenya in 1921 (Barongo et al., 2015; Portugal et al., 2015). The first
incursion outside Africa occurred in Portugal in 1957, and throughout the latter-half of the 20" century
outbreaks had been reported in multiple European countries, the Caribbean, and Brazil (Costard et al.,
2009). By 1995 the European outbreaks were controlled all but for the island of Sardinia, where ASF
genotype | is now endemic since its introduction in 1978 (Costard et al., 2009; Cwynar et al., 2019).

In 2007, ASF was again introduced to Europe through the Georgian Republic (Gulenkin et al.,
2011). Highly virulent among both domestic pigs and wild boar, the Georgia 2007/1 isolate — identified
as belonging to ASFV genotype || — rapidly spread across the Caucasus region (Rowlands et al., 2008;
Gulenkin et al., 2011). Ukraine and later Belarus reported cases in 2012 and 2013, respectively, and in
2014 ASF was identified in the European Union (EU) following incursion into Lithuania, Latvia, Poland,
and Estonia (Bosch et al., 2017). In addition to spreading through the EU, ASFV was detected in China —
the world’s largest pork producer — in 2018 and subsequently reported in many south-east Asian
countries (FAO, 2020; Vergne et al., 2020b). Transmission pathways across affected regions have been
variable, with some countries experiencing dissemination exclusively within wild boars and others
seeing a spread pattern predominantly among domestic pigs with likely intermittent spillover from wild
boars (Chenais et al., 2019).

No treatment or vaccine exists for ASF, and established control measures reflect the necessity of
aggressive action to achieve outbreak control. The lack of available vaccination or treatment is due to
many factors including knowledge gaps on ASFV infection and immunity, variation among strains and
protective antigens, experimental testing being limited to only pigs and boar kept in high biosecurity
facilities, and adverse reactions seen during historical vaccination attempts (Rock, 2017; Gavier-Widén
et al., 2020). Should an outbreak be identified, EU legislation mandates depopulation of affected farms,
contact tracing of animals and animal products, and the establishment of protection and surveillance
zones around the affected premise within which disinfection, movement restriction, and active
surveillance measures must occur (Council of the European Union, 2002). Similarly, recommendations
by the European Commission on wildlife management includes the definition of core infected and
surrounding surveillance zones, active carcass search and removal, installation of fences, and intensive
wild boar depopulation (FAO, 2019). Designing effective prevention, surveillance, and intervention
strategies requires the understanding of transmission dynamics, and these dynamics can often be
unraveled through the use of mechanistic modelling (Keeling and Rohani, 2008).

Mechanistic models have been successfully applied to many epizootic incursions including foot-
and-mouth disease (FMD) (Pomeroy et al., 2017), classical swine fever (CSF) (Backer et al., 2009), and
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bluetongue (Courtejoie et al., 2018), to assess vaccination strategies, design and evaluate targeted and
alternative control strategies, and elucidate epidemiological parameters, respectively. Mechanistic
models can be constructed through a variety of frameworks (e.g. population- or individual-based models
(PBM or IBM)) with differences among multiple model characteristics including the approaches to space
(i.e. spatially or non-spatially explicit), time (i.e. discrete or continuous), and uncertainty (deterministic
or stochastic) (Bradhurst et al., 2015). The objective of a model will inform the selection of such design
parameters, which will also play a role in informing the underlying model assumptions (Marion and
Lawson, 2015). Only following the incursion of ASF into the Eurasian continent did mechanistic models
of ASF begin to be explored, as identified in a literature review of modelling viral swine diseases
(Andraud and Rose, 2020). In order to identify gaps in specific ASF modelling strategies with regard to its
present epidemiology, through examining the assumptions on transmission and objectives of the
mechanistic models of ASF, a systematic review of the scientific literature was conducted.

Material and methods
Literature search

The systematic review was performed in accordance with PRISMA guidelines (Liberati et al.,
2009). The search query was constructed to identify all publications on ASF in any species that
incorporated the use of mechanistic models. No restrictions were imposed on publication language
(other than through the use of English search terminology), study location, or publication date. Eight
target publications on mathematical modelling of ASF, selected through author familiarity of the subject
and diverse among animal host and literature type (black and white literature and grey literature), were
identified to calibrate the literature search. The literature search was conducted initially on January 31,
2020 through terms agreed upon by all researchers in the following Boolean query: “African swine
fever” AND model* AND (math* OR mechani* OR determin* OR stochast* OR dynam* OR spat* OR
distrib* OR simulat* OR comput* OR compart* OR tempor*). Terms were searched in the fields title and
abstract, title abstract and subject, or title and topic, for Medline, CAB Abstracts, and Web of Science,
respectively. The search was repeated prior to publication (January 18, 2021) to capture all relevant
articles through December 31, 2020.

Study Selection

Inclusion criteria for the articles were the topic of African swine fever and reference to a
mechanistic model either directly or indirectly (e.g. through mention of a specific type of model).
Exclusion criteria were more exhaustive and consisted of the following: non-population models (e.g.
within-host), virological and genomic models, non-suid models (e.g. models exclusively of the arthropod
vector), and non-mechanistic models (e.g. statistical or purely economic models).

Primary screening of title and abstract was performed by two authors. Kappa scores (k) were
calculated to determine interrater reliability. Discussion among authors occurred until a consensus on
qualifying studies was reached. Full-text articles were subsequently assessed for eligibility with all the
above criteria plus the additional inclusion criteria of containing an explicit process of infection and not
being a duplication of published results, and cross-validated by other authors. Snowball sampling was
used to identify any remaining mechanistic modelling articles. Specific screening questions are available
online as supplementary material.
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Data collection process

Table shells were created to capture study design and model properties. Publication information
(authors, year), ASF outbreak data (host, ASFV strain (genotype and isolate), location of study), research
methodology (data collection method, study direction (ex-post or ex-ante)), model components
(framework, temporality, spatiality, infection states), model descriptors (transmission scale, basic
epidemiological unit, model objective), and model parameter assumptions were all recorded.

Filiation tree construction

To assess model filiation, a distance-based phylogenetic tree of the selected studies was
constructed. This was performed via the neighbor-joining method of tree construction using Molecular
Evolutionary Genetics Analysis (MEGA) software (Kumar et al., 2018). This methodology was chosen as it
produces a parsimonious tree based on minimum-evolution criterion (Saitou and Nei, 1987; Pardi and
Gascuel, 2016). Full characteristics of all models were assessed (Supplementary Material, Table A), and
cross-correlation between those characteristics resulted in the selection of four main variables: host
(domestic pig, wild boar, or both), data collection methodology (experimental, observational, or
simulation), model framework (PBM, IBM, or metapopulation), and model objective (estimating
parameters, assessing alternative control strategies, assessing determinants of transmission, or
examining consequences of hypothetical outbreaks). Vectors of each model were constructed by
dummifying selected model components by their subcategory and then calculating pairwise differences
between all model pairings. The corresponding values formed a distance matrix that was then used for
analysis.

(Results) Included publications and epidemiological characteristics
Publications

A total of 351 articles were identified across all databases (Figure 1). Following removal of
duplicate references, 171 records remained for primary screening. Out of these, 36 full-text articles
were determined to qualify for secondary screening. With k = 0.65, the reviewers were determined to
be in substantial agreement (Landis and Koch, 1977). Four articles were excluded in secondary
screening. Two additional studies were identified through snowball sampling resulting in 34 articles for
review. A marked increase in the number of mechanistic modelling publications occurred in the most
recent year of review (Figure 2). Closely split between models among domestic pigs and wild boar
(referred to as “pigs” and “boar” in tables and figures), 2020 saw a doubling in the number of publications
(10) compared to previous most-published years.

Epidemiological characteristics

Out of 34 mechanistic modelling studies on ASF, 20 modelled disease dynamics specifically in
domestic pigs, 12 modelled disease dynamics specifically in wild boar, and two included transmission
between wild and domestic hosts (Table 1). The majority of studies (25) were parameterized to the
genotype Il strains currently circulating in Europe (i.e. Georgia 2007/1, Armenia 2008), including the first
mechanistic model of ASF (Gulenkin et al., 2011) and all but one of the wild boar models.

Different strains were considered depending on their geographical spread. Genotype | dynamics
were modelled both in Sardinia where it is endemic (Mur et al., 2018; Loi et al., 2020), and in an
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experimental study with the Malta 1978 and Netherlands 1986 isolates (Ferreira et al., 2013). Genotype
IX was modelled in its home range of Eastern Africa both ex-post to a historical outbreak (Barongo et al.,
2015) as well as via a simulation for assessing control measures (Barongo et al., 2016). Genotype |
strains were examined ex-post among domestic pigs to historical outbreaks in the Russian Federation
(Gulenkin et al., 2011; Guinat et al., 2018), via transmission experiments in domestic pigs (Guinat et al.,
2016b; Hu et al., 2017; Nielsen et al., 2017) or between both domestic pigs and wild boar (Pietschmann
et al., 2015), and through a multitude of in-silico simulations of both domestic pigs (Halasa et al., 20163,
2016b, 2016c, 2018; Andraud et al., 2019; Faverjon et al., 2020; Lee et al., 2020; Vergne et al., 2020a)
and wild boar herds (Lange, 2015; Lange and Thulke, 2015; Thulke and Lange, 2017; Lange et al., 2018;
Gervasi et al., 2019; Halasa et al., 2019; Croft et al., 2020; O’Neill et al., 2020; Pepin et al., 2020; Taylor
et al., 2020). One model of ASF spread, which was focused on spread due to wild boar dispersion,
considered the influence of transmission from outdoor free-range domestic pigs (Taylor et al., 2020).

The term “herd” was chosen to refer to an animal collective and will be used for the remainder
of this article, with it being interchangeable with the terms farm (Gulenkin et al., 2011; Nigsch et al.,
2013; Mur et al., 2018), production unit (Halasa et al., 2016a), and parish (Barongo et al., 2016). Further,
for the purpose of standardization of terms for model comparison, sub-population groups of wild boar
(known as sounders) are herein referred to as herds as well.

(Results) Model objectives and filiation
Model objectives

Four main modelling objectives were identified: Estimating parameters (11), assessing
determinants of transmission (7), examining consequences of hypothetical outbreaks (5), and assessing
alternative control strategies (11) (Table 2).

The majority of domestic pig models — including the first two ASF models (Gulenkin et al., 2011;
Ferreira et al., 2013) — and three of the wild boar models (Pietschmann et al., 2015; Lange and Thulke,
2017; Loi et al., 2020) focused on estimating various transmission parameters using either experiment-
based or field-observation data. The predominant parameters calculated were the transmission
coefficient B (which determines the rate of new infections per unit time, via the product of the contact
rate and transmission probability) and the basic reproduction ratio Ry (the average number of secondary
cases produced by one infectious individual in a fully susceptible population) (Table 3) (Anderson and
May, 1992; Keeling and Rohani, 2008). 3s ranged from 0.0059 herds per infected herd per month for
between herd transmission of genotype IX (Barongo et al., 2015) to 2.79 (95% Cl 1.57, 4.95) pigs per day
for within-pen transmission of the Malta 1978 isolate (Ferreira et al., 2013). Ro values ranged from 0.5
(95% Cl 0.1, 1.3) for indirect transmission of the Armenia 2008 isolate between boar and pigs
(Pietschmann et al., 2015) to 18.0 (95% Cl 6.90, 46.9) for transmission of the Malta 1978 isolate
between domestic pigs (Ferreira et al., 2013). Among the wild boar models, Pietschmann et al. (2015)
used the Armenia 2008 isolate to calculate Ro among wild boar and between boars and pigsin a
laboratory setting, Lange and Thulke (2017) trained an artificial neural network on spatiotemporally-
explicit case notification data to determine the probability of carcass-mediated and direct transmission
between boar herds, and Loi et al. (2020) estimated both the basic and effective reproduction numbers
(Ro and Re, respectively) in Sardinia through historical hunting data coupled with virological and
serological testing data. Lastly, via estimating Ro and the disease-free equilibrium for varying parameter
sets, one recent model examined the mathematical theorums behind the differential equations used in
many ASF models to determine if integer or fractional order systems better describe ASF epidemic
dynamics (Shi et al., 2020).



247
248
249
250
251
252
253
254
255
256
257
258

259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274

275
276
277
278
279
280

281

282

283
284
285
286
287
288

289
290
291

Seven simulation models were used to disentangle determinants of transmission of ASF. Of the
four models in domestic pigs, the first model by Nigsch et al. (2013) simulated international trade
patterns to determine the EU member nations most susceptible to importation and exportation of ASF.
Halasa et al. (2016a) simulated ASFV transmission within a pig herd to examine the influences of dead
animal residues and herd size, and Mur et al. (2018) simulated ASFV transmission between pig herds in
Sardinia to determine the influence of farm and contact type. Lastly among pigs, Vergne et al. (2020a)
looked at the influence of the feeding behavior of Stomoxys flies on ASFV transmission in a simulated
outdoor farm. Halasa et al. (2019) examined the transmission pathway of ASFV in wild boar among
varying population densities. This past year Pepin et al. (2020) modelled the contribution of carcass-
based transmission to the on-going outbreak in boar in Eastern Europe, while O’Neill et al. (2020) looked
at the influence of host and environmental factors on ASFV persistence in scenarios of contrasting
environmental conditions.

Assessing alternative control strategies via simulations was the most frequent objective among
wild boar studies (Lange, 2015; Lange and Thulke, 2015; Thulke and Lange, 2017; Lange et al., 2018;
Gervasi et al., 2019). The strategies examined consisted of combinations of mobile barriers,
depopulation, feeding bans, intensified and targeted hunting, carcass removal, and variations in active
and passive surveillance. Taylor et al. (2020) focused on varying intensities of carcass removal, hunting,
and fencing for interrupting ASF spread due only to wild boar movements. In domestic pigs, control
strategies that were assessed consisted of improving the sensitivity of detection of ASF by farmers
(Costard et al., 2015), enhancing biosecurity (Barongo et al., 2016), theoretical vaccination (Barongo et
al., 2016), and instituting EU-legislated and nationally-legislated (Danish) control measures in
combination with alternative methods (Halasa et al., 2016c). These codified measures simulated by
Halasa et al. (2016c) encompassed a nationwide shutdown of swine movements, culling of infected
herds, implementation of both movement restriction and enhanced surveillance zones, contact tracing,
and pre-emptive depopulation of neighboring herds. Most recently, Faverjon et al. (2020) quantified the
mortality thresholds that permit the best balance between rapid detection of ASF while minimizing false
alarms within domestic pig herds, and Lee et al. (2020) modelled ASF in Vietnam to determine the
efficacy of movement restrictions of varying intensities.

Five models assessed the consequences of hypothetical outbreaks, with four focusing on the
Georgia 2007/1 strain. Three models examined ASF within industrialized swine populations, with
transmission through both Danish (Halasa et al., 2016b, 2018) and French (Andraud et al., 2019) swine
systems simulated. Croft et al. (2020) examined the outcome of natural circulation of ASF in an isolated
boar population in an English forest, and Yang et al. (2020) applied ASF parameters to their network
model of wild boar to determine its spread in the United States.

Filiation tree and model characteristics

The generation of the neighbor-joined filiation tree allowed for the identification of three
clusters of models: models used for parameter estimations, simulation models in domestic pigs, and
individual-based models (Figure 3). The individual-based simulation models (with the exceptions of
Gervasi et al. (2019) and Yang et al. (2020)) grouped at the bottom of the tree, the domestic pig
simulation models clustered in the middle (with the exception of O’Neill et al. (2020) focused on wild
boar), and the parameter estimation models clustered in the top-most group.

The parameter estimation cluster, internally parsed by data collection methodology, consisted
mostly of stochastic, non-spatial population-based models that derived parameters for within-herd
(including within and between pen) transmission between pigs (Ferreira et al., 2013; Guinat et al.,
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2016b; Hu et al., 2017; Nielsen et al., 2017; Guinat et al., 2018) (Table 2). Gulenkin et al. (2011) and
Barongo et al. (2015) calculated ASF parameters for transmission between herds, and Loi et al. (2020)
estimated transmission parameters between wild boar. Seven of the nine models focused on the
currently-circulating genotype Il strain. Though the Shi et al. (2020) model also estimated parameters,
due to its simulation methodology it was clustered with the rest of the domestic pig simulations.

Five population-based models were used to simulate within-herd transmission in domestic pigs
(Barongo et al., 2016; Halasa et al., 2016a; Faverjon et al., 2020; Shi et al., 2020; Vergne et al., 2020a),
and one did so for wild boar (O’Neill et al., 2020), though capturing between-herd transmission
dynamics saw the use of stochastic, temporally discrete, spatially-explicit metapopulation models
(Halasa et al., 2016b, 2016c, 2018; Mur et al., 2018; Andraud et al., 2019). Two named metapopulation
models were represented: the Denmark Technical University - Davis Animal Disease Simulation - African
Swine Fever (DTU-DADS-ASF) model (Halasa et al., 2016b, 2016c, 2018; Andraud et al., 2019) and the
Between Farm Animal Spatial Transmission (Be-FAST) model (Mur et al., 2018). Both the Be-FAST and
DTU-DADS-ASF models were updates of previously published models. The Be-FAST model, originally
designed to simulate CSF spread within and between farms, was adapted for the ASF situation in
Sardinia. The DTU-DADS-ASF model, an extension of the existing DTU-DADS model originally designed
for the spread of foot-and-mouth disease in pigs, was constructed through inserting the within-herd
model sensitive to unit size (from Halasa et al. (2016a)) into the existing DTU-DADS model. This new
model, reflecting an industrialized swine population, simulated epidemiological and economic outcomes
of an outbreak (Halasa et al., 2016b) and was later used to assess alternative control strategies (Halasa
et al., 2016c). This model was further refined to exemplify the Danish and French swine populations,
where the consequences of hypothetical outbreaks were assessed (Halasa et al., 2018; Andraud et al.,
2019).

Both the DTU-DADS-ASF and the Be-FAST models relied on simulated live-animal movements
and kernel-based distances to model susceptible-infectious contacts between herds. In the DTU-DADS-
ASF model, movements (including both animal movements between herds and indirect contacts such as
abattoir movements and contact with vehicles and animal health workers) were simulated through
series of transmission probabilities parameterized to historical movement frequency data in the
represented location (Denmark or France). Distance-based probabilities between herds were used to
model local spread. The Be-FAST model also considered direct and indirect contact between herds, using
a metapopulation framework to model trade networks and indirect means of spread (lvorra et al.,
2014). Whereas the Be-FAST model used Sl infection states within herds, the DTU-DADS-ASF simulation
used a modified SEIR model with the infectious state split into sub-clinical and clinical states.

Stochastic, discrete, spatially-explicit individual-based models, mostly focused on assessing
alternative control strategies, were the predominant approaches to modelling ASF in wild boar, with the
exceptions of Croft et al. (2020) who used a deterministic approach and Gervasi et al. (2019) and Yang et
al. (2020) who used deterministic non-spatial population-based models. Of the spatially-explicit
individual-based models, unlike in the domestic pig metapopulation models, disease spread was
simulated exclusively through movement-based algorithms. For the ASF Wild Boar model (Lange, 2015;
Lange and Thulke, 2015; Thulke and Lange, 2017; Lange et al., 2018), the model replicated from it
(Halasa et al., 2019), and the model by Pepin et al. (2020), this was accomplished using a rasterized
spatial habitat grid. In order to avoid raster-associated bias in their model, Croft et al. (2020) elected
against a grid-based landscape, instead using a mosaic of irregular polygons scaled to the average wild
boar herd range. In all these models, individual animal movements occurred via dispersal and
orientation probabilities of each individual animal, followed by upper-bounded number of dispersal
steps that could be taken. Unlike domestic pig simulations or the Halasa et al. (2019) and Pepin et al.
(2020) wild boar simulations, the ASF Wild Boar individual-based models (Lange, 2015; Lange and
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Thulke, 2015; Thulke and Lange, 2017; Lange et al., 2018) and Croft et al. (2020) used weekly not daily
time steps in their process scheduling.

Three domestic pig models used individual-based frameworks as well, to examine routes of ASF
transmission between EU Member States (Nigsch et al., 2013), the efficacy of movement-restriction
control measures (Lee et al., 2020), and to assess controlling the silent release of ASF from farms
(Costard et al., 2015). For evaluating transmission determinants in the EU, Interspread Plus — a
proprietary software program that allows for modelling a variety of animal diseases — used movement-
based algorithms to simulate disease spread between herds but did not account for distance-based
transmission routes. It was used to model the transmission of ASF both within and between countries.
Both pig movements between farms as well as indirect contacts within-country were modelled, followed
by simulated export movements. A similar stochastic, discrete, spatially-explicit state-transition model
was adapted to the swine network in Vietnam by Lee et al. (2020) — the North American Animal Disease
Spread Model (NAADSM). Here, farm-type-dependent contact probabilities and rates simulated animal
trade movements. To ascertain the risk of ASF spread secondary to an emergency sell-off of pigs,
Costard et al. (2015) developed their own individual-based model. Here, ASF transmission was
stochastically simulated within a herd and then coupled to data on the behavior of farmers to determine
the risk of ASF spread outside the affected herd.

(Results) Model insights and assumptions
Model parameters

ASF transmission parameters, estimated from models with both individuals and herds acting as
the basic epidemiological unit (depending on the study), were often used to parameterize future models
— though a variety of other parameter data sources were identified as well (Table 4). This resulted in a
range of values being used for ASFV’s infectious period, incubation period (the time between infection
and clinical signs), and latent period (classically considered as the time between infection and
infectiousness, though in Costard et al. (2015) this was defined as infectious without clinical signs) across
all models. When ASF data was unavailable, certain parameters had to be adapted from other disease
models. Transmission probabilities for pig movements (Nigsch et al., 2013), indirect contacts (Nigsch et
al., 2013; Halasa et al., 2016a, 2016b, 2016c; Mur et al., 2018; Halasa et al., 2018; Andraud et al., 2019),
and local spread (Halasa et al., 2016a, 2016b, 2016c, 2018; Mur et al., 2018; Andraud et al., 2019) were
adapted from CSF studies, as was the range for Ro in Costard et al. (2015). When alternative control
strategies were evaluated, some parameters that determined the probability of success of a control
measure and the time required for its implementation were adapted from CSF or FMD studies as well
(Halasa et al., 2016b, 2016c, 2018; Andraud et al., 2019).

Limited field data for wild boar resulted in the evolution of many assumptions as new
information was discovered. Carcass-based transmission was modelled through direct transmission
within and between groups first as sex-dependent (Lange and Thulke, 2015), then neither age nor sex-
dependent (Lange, 2015; Lange and Thulke, 2017), and then as age-dependent (Lange et al., 2018).
Infection probability per carcass was originally parameterized at 20% according to the best-fit model
that explained the observed data (Lange and Thulke, 2015). Camera trapping data (Probst et al., 2017)
and the results of Lange and Thulke (2017) resulted in this parameter being refined to 2-5% in the
subsequent model (Lange et al., 2018). The assumed live infectious periods in the wild boar models were
predominantly 5-7 days (Lange, 2015; Lange and Thulke, 2015, 2017; Thulke and Lange, 2017; Lange et
al., 2018; Halasa et al., 2019; Loi et al., 2020; O’Neill et al., 2020; Pepin et al., 2020; Taylor et al., 2020),
however greater variation was seen among the assumed carcass infectious periods.
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In the ASF Wild Boar models, carcass persistence — synonymous with carcass infectivity — was
originally statically modelled at 8 weeks (Lange and Thulke, 2015). However, after disease spread was
observed and a model was fit, the spread was best explained using a 6-week carcass persistence time
(Lange, 2015). Carcass persistence time was further revised to 4 weeks in Lange and Thulke (2017) and
Thulke and Lange (2017) (and similarly used in Halasa et al. (2019) in line with field research on
vertebrate scavenging behavior from Ray et al. (2014)). The carcass persistence parameter was then
further revised to reflect a seasonally-dependent variability in Lange et al. (2018), with persistence times
ranging from 4 weeks in the summer to 12 weeks in the winter, in accordance with seasonal differences
observed in field research (Ray et al., 2014). This seasonal variability in carcass persistence was also
assumed in Pepin et al. (2020). In the later wild boar models, O’Neill et al. (2020) assumed a static
carcass infectivity time of 8 weeks, and Taylor et al. (2020) used a PERT distribution of parameters 2, 4,
and 18 weeks (specifically: 15, 26, and 124 days), with the latter model also accounting for the
probability of carcass removal during the period.

The first wild boar individual-based models (Lange, 2015; Lange and Thulke, 2015) used a 4 km?
geographical unit, corresponding to the home range of a wild boar herd, in accordance with ecological
data from radio-tracking sessions from Spitz and Janeau (1990) and Leaper et al. (1999). At this unit size
there may be some interactions between neighboring herds, though as boar prefer to stay within their
home range and interact with their groupmates, long distance movements are consequently mostly
related to dispersal of juveniles. The geographical raster was later increased to units of 9 km? (Lange
and Thulke, 2017; Thulke and Lange, 2017; Lange et al., 2018) to avoid perfect overlap between the
study area and voxel size used in the model (Lange and Thulke, 2017), as necessary for the model
objective. The wild boar individual-based model by Halasa et al. (2019), replicated from Lange (2015)
and Lange and Thulke (2017), again used 4 km? units. The more recent boar models increase the
geographical unit size, with Pepin et al. (2020) using 25 km? grid cells, and Taylor et al. (2020) applying
100 km?2 cells over the Polish landscape.

Lastly, the timing of viral release varied across the wild boar individual-based models as well. In
order to allow population dynamics to become established, virus release was originally set for the first
week of the 4™ year of simulation run and to 10 hosts in Lange and Thulke (2015). This parameter was
adjusted to the beginning of June of the 5% year of simulation (corresponding to the dispersal period for
juveniles) and for 25 hosts (Lange, 2015). The next model iterations (Lange and Thulke, 2017; Thulke and
Lange, 2017) simulated ASFV release at the end of June of the 4" year of simulation and to 10 hosts, and
the following model (Lange et al., 2018) released the infection at the end of June of the 6% year of
simulation to 5 hosts. The model described in Halasa et al. (2019) allowed one year for population
dynamics to emerge (as evidenced by the dramatic increase in groups in the population graph prior to
stabilization), with virus release occurring at the beginning of the second year and to only one random
boar. There is no mention of the wild boar population stabilizing before virus introduction. Conversely,
Pepin et al. (2020) used a 10-year burn-in period for population dynamics to stabilize prior to ASF
release.

Transmission determinant assessment

Halasa et al. (2016a) revealed that ASFV’s path of transmission through a domestic pig herd is
influenced by subclinical animal infectiousness, dead animal residues, and herd size. For spread between
pig herds, for the endemic situation in Sardinia where free-roaming unregistered pigs (known as brado)
complicate eradication efforts, Mur et al. (2018) identified local spread through fomites as the primary
transmission route. Brado and wild boar were indicated to play central roles in the occurrence of ASF
cases, reinforcing the importance of herd biosecurity in interrupting transmission. On the international
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scale, it was demonstrated that limited transmission of ASF between EU member nations would occur
through swine trade networks prior to disease detection, reinforcing the importance of surveillance
measures (Nigsch et al., 2013). Factors influencing the path of transmission of ASFV were also assessed
for wild boar in Denmark, where the model showed that the density, size, and location and dispersion of
a boar population will affect transmission and circulation of ASF (Halasa et al., 2019). The importance of
carcass-based transmission was quantified in Pepin et al. (2020), where it was inferred over half of the
transmission events were from infected carcass contact. When observed dynamics of ASF in boar in
Europe were modelled — specifically to capture the troughs and peaks of infection and population
densities — differences in temperature and scavenger abundance were shown to impact carcass
degradation affecting outbreak severity, reinforcing the role of carcasses in epidemic maintenance
(O’Neill et al., 2020).

One model explored the role of insect vectors in contributing to disease spread (Vergne et al.,
2020a), demonstrating that only a small percentage of ASFV transmission events would be due to stable
flies, assuming an average abundance of flies (measured once previously as 3-7 flies per pig). However,
as vector abundance increased ten- and twenty-fold, the percentage of transmission due to the insects
increased dramatically as well. Transmission was also highly sensitive to blood-meal regurgitation
quantity and ASFV infectious dose, indicating areas of necessary further study.

Alternative control strategy assessment and prediction of consequences of hypothetical outbreaks

When control strategies were compared and the consequences of outbreaks assessed, Costard
et al. (2015) showed that increasing farmers’ awareness of and sensitivity of detection to ASF will not
reduce the risk of silent release through emergency sales. Barongo et al. (2016) demonstrated that, in a
free-range pig population, rapid biosecurity escalation (within 2 weeks of outbreak onset) would
significantly decrease the burden of disease. Halasa et al. (2016c) showed that, for industrialized
European swine populations, including virological and serological testing of up to five dead animals per
herd per week within the perimeter of an outbreak, in addition to established national and EU
measures, provided the most effective control strategy. When the consequence of using shorter
durations of control zones was assessed, the model predicted such a reduction would greatly reduce
economic losses without jeopardizing worsening transmission (Halasa et al., 2018). Conversely,
increasing the size of the area under surveillance would offset the increased incurred cost through
shortening the epidemic’s duration (Halasa et al., 2018). For arresting ASF spread in Vietnam, movement
restrictions were used as the control method and it was shown they would have to interdict at least half
of all pig movements to be effective. This was problematic as many traders were identified to specifically
avoid quarantine checkpoints and sell pigs through illegal means (Lee et al., 2020).

Models that assessed the consequences of hypothetical outbreaks did so for specific
industrialized (Danish and French) swine populations and two independent populations of wild boar.
The simulations of ASFV spread in the domestic pig compartment only predicted short and small
epidemics (mean duration less than one month) in both Denmark and France, with disease spread
primarily driven by animal movements and often contained upon implementation of the codified
national and EU control strategies (Halasa et al., 2016b; Andraud et al., 2019). As the epidemic could
fade out in the inciting herd, some (14.4% of epidemics originating in nucleus herds, 12.1% from sow
herds) were predicted to never be detected. Further, the initial outbreak was predicted to have the
highest economic cost — more-so than any subsequent outbreaks — due primarily to the ensuing trade
restrictions that dwarf the direct costs (Halasa et al., 2016b). In France, due to the pyramidal structure
of the swine production system, variation was seen dependent upon the index herd’s location in the
production pyramid (Andraud et al., 2019). Geographic dispersal of ASF cases was highly dependent on
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the density of herds where the outbreak initialized, with cases spreading up to 800km from herds in low-
density areas. If ASF spread originated from free-range pig herds, as opposed to the top of the
production pyramid, it was predicted to potentially affect up to 15 herds. Similar to the results of the
assessment of transmission determinants by Mur et al. (2018), local transmission appeared to be the
driving route. Among wild boar models, the consequences of concern were the outcome of natural
circulation of ASFV in a closed population, where any outbreak was determined to be self-limiting (Croft
et al., 2020), and the impact of baiting on disease establishment, where through modelling changes in Ro
it was seen that such practice would relatively increase the risk of an ASF epidemic taking hold (Yang et
al., 2020).

Wild boar simulations demonstrated the importance of long-term sustained control efforts (i.e.
over many generations of wild boar), as the scale of depopulation required for a more rapid solution
would likely be untenable (Lange, 2015). As the simulation model parameters were refined with
updated evidence, delayed carcass removal (two or more weeks postmortem) was shown to have no
effect on curtailing ASF spread; only carcass removal within 1 week (an impractical assumption, given
current reported carcass removal rates) was shown to have a positive effect (Thulke and Lange, 2017).
This conclusion was expanded in Lange et al. (2018), where successful carcass removal within a core
area was shown to reduce the required hunting intensity. A distinction between control methods
required for scenarios of focal introduction as opposed to spread from adjacent endemic areas was
identified as well: in the case of focal introduction, due to the small size of the affected area, it’s
possible that a high carcass removal rate could achieve control without the need for intensive hunting
(Lange et al., 2018). When surveillance methods were compared, passive surveillance —assuming a 50%
carcass detection rate — was shown to be more effective than active surveillance at detecting ASF cases
in a small population, however active surveillance was better when both disease prevalence and
population density were low (<1.5% prevalence, < 0.1 boar/km?) and the hunting rate was over 60%
(Gervasi et al., 2019). When transmission from free-range, outdoor pigs was factored into the spread of
ASF from wild boar dispersion, hunting was shown to reduce the number of new cases but not the size
of the area at risk, and conversely fencing reduced the size of the region at risk of ASF but not the
number of cases (Taylor et al., 2020).

Discussion

Mechanistic modelling has been a valuable tool for deriving infection parameters, unraveling
routes of transmission, assessing alternative control strategies, and determining the consequences of
hypothetical outbreaks of ASF. However, despite all that has been elucidated, there is still much
research to be done. Existing ASF models are limited in the contexts of their application, their means of
evaluating control strategies, and the lack of a bridge between domestic and wild compartments, and
attention should be given to resolving these shortcomings.

ASF simulation models, either in domestic pigs or wild boar, have been applied only to a limited
number of contexts, despite the epidemic risk faced by all European countries and the insights one could
get from mechanistic models to anticipate virus emergence. Simulations of ASF outbreaks in domestic
pigs, for the current epidemic of the circulating Georgia 2007/1 isolate, have been published only for
two European (Denmark and France) and one Asian (Vietnam) nation. Many differences exist between
countries in terms of the type of production system, the distribution of farm types, and the source-
nation of imported pigs, preventing the extrapolation of results from one nation to another. Similarly,
the presence and distribution of, and control mandates against, wild boar are not uniform between
areas, precluding extrapolation of model results outside the area of study. Though the general utility of
different control strategies has been indicated, real-world data on wild boar abundance, as difficult as it
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may be to assess, is needed to facilitate parameterization of these models to real-world scenarios. When
the wild boar individual-based models were applied to real-world locations, they were run only at low-
population scales: in Denmark where there exists a legal mandate for their elimination, in the Baltic
nations but only in the area of the international border, a forest in England, and part of Poland. Of the
five-year period in which wild boar models were published, almost half of such publications occurred in
the most recent year, 2020. Whereas earlier wild boar models were constructed by only one group, the
diversity among the 2020 models is a promising trend in the direction of ASF ecological modelling.
However, as the number of individuals being modelled grows the required computing time grows
cubically (Keeling and Rohani, 2008), so insightful as these individual-based models may be, presently
they may be too computationally expensive to adapt to larger populations in other scenarios or scales.

All models that assessed control strategies did so through comparing a finite set of a priori
defined interventions. Many control strategies were examined in competition with each other, which is
opposed to how they would be actually implemented. For instance, the efficacy of active and passive
surveillance for wild boar was considered independently and without the influence of the other in
Gervasi et al. (2019), when in reality such methods would be implemented synergistically. While
comparing strategies is beneficial for identifying a rank-order efficacy of control methods, this structure
does not necessarily determine the most effective combination of all available strategies. Future models
should be built to identify the optimal contributions of each control method for achieving specific
outcomes (e.g. elimination of ASF cases, or minimizing overall economic impact). This can be achieved
by using an objective function where the function inputs are the parameters defining the control
strategies (e.g. size and duration of the surveillance and protection zone) and the function output is a
measure of the epidemic impact (e.g. total cost of the epidemic) (Rushton et al., 1999; Moore et al.,
2010). Optimization algorithms can then be used to examine the space of the input parameter values to
find which ones minimize the function output (Hauser and McCarthy, 2009; Moore et al., 2010). It is
expected that such modelling output will generate more precise information to policy-makers for
designing cost-benefit control strategies.

All models that assess control strategies assume the employed strategies will remain constant
over the period of implementation. Due to the evolving nature of epidemics, this is unlikely to reflect
real-world conditions. Future models may consider including temporal components to the control
strategies, both through parsing by specific pre-defined time points (e.g. optimal control strategies to be
used before and after Ro becomes less than 1), as well as via objective functions to identify when is the
best time to implement certain strategies (especially with regards to types of surveillance).

Accounting for limitations in the surveillance data used to fit mechanistic models (such as
imperfect case detection and delays in reporting) is an important consideration in model development.
For instance, many models rely on pig mortality thresholds for detecting ASF, though ASFV could
circulate in a herd for almost a month prior to it being detected through such criteria (Guinat et al.,
2018). The DTU-DADS-ASF simulation factored in a parameter to account for delays during contact
tracing, though detection delays due to imperfect herd-level surveillance (such as from small changes in
mortality) was not simulated. Among wild boar, passive carcass detection and under-reporting was a
common limitation, as such detection was both seasonally variable and irregular. Taylor et al. (2020)
accounted for this through including an “under-reporting factor” in their parameters, while Pepin et al.
(2020) fit parameters for this uncertainty using approximate Bayesian computation, though the
influence of a lack of negative surveillance data was identified in their analysis. Similarly, when
parameters were estimated among wild boar in Sardinia, both non-uniform sampling and a lack of
passive surveillance samples were identified as limitations. Though no adjustments were made to
address them, the large quantity of data potentially offset the bias, as suggested by the authors.
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Refining this uncertainty through field studies of wild boar could benefit future models and is worthy of
investigation.

Resolving structural uncertainty is another on-going gap in ASF modelling that requires
improvement. This uncertainty is demonstrated in multiple ways, such as through the range of values
among parameter assumptions and the various routes of transmission (and corresponding scale) that
are modelled: where specific routes of indirect transmission may be parameterized in one model
another will group all such routes under a single local transmission parameter. Quantifying the
contribution of individual indirect routes of transmission to ASF spread is one of many areas for
refinement through further research. Whereas uncertainty is a quality inherent to all models, studies
have shown that this can be minimized through ensemble modelling, where the results of multiple
models are aggregated to generate a common final output. Combinations of models providing the best
predictions was demonstrated through the results of the RAPIDD Ebola forecasting challenge
competition: among a variety of individual- and population-based, stochastic and deterministic,
mechanistic and semi-mechanistic models, ensemble predictions routinely performed better than any
individual model (Viboud et al., 2018). A similar modelling challenge on ASF was launched in 2020,
involving several modelling teams. Though still a work-in-progress, it is anticipated that this exercise will
be able to provide similar assessments among ASF models, potentially reinforcing the importance of
utilizing synthesized results (INRAE, 2020).

Prior to 2020, there was a noticeable lack of diversity among the existing models. Though the
proliferation of models last year helped to offset this imbalance, still over one-third (5/14) of the
domestic pig simulations are derived from the DTU-DADS-ASF (and component precursor Halasa et al.
(2016a)) model. Similarly, prior to 2020 all but one of the wild boar models were derived from Lange and
Thulke’s ASF Wild Boar model, and Croft et al. (2020) used epidemiological parameters from Lange and
Thulke’s model as well. The influx of recent wild boar models by Croft et al. (2020), O’Neill et al. (2020),
and Pepin et al. (2020) provided contrasting simulations of wild boar and carcass-based transmission in
different outbreak scenarios, helping to diversify the field. This diversity aids in reinforcing the shared
conclusions among the different models, such as the importance of combining targeted hunts or culls
with active carcass removal to achieve outbreak control while avoiding eradication of the wild boar
population (Lange, 2015; O’Neill et al., 2020).

Only one simulation model considered transmission between domestic pigs and wild boar
despite differences in the observed transmission pathways between countries. While the individual-
based wild boar models not accounting for transmission with domestic pigs may be sufficient for areas
with ASF dissemination exclusively in the wildlife compartment, areas where spillover — however
intermittently — likely occurs will require models that address this aspect. The one simulation that did
consider this inter-compartment transmission relied on contact parameters derived for a free-range
savannah-like outdoor farm not typically representative of European swine operations (though the
authors accounted for this by assuming such contact as an upper-limit). While this model by Taylor et al.
(2020) is a critical step towards a unified ASF model of both domestic pig and wild boar transmission, it
also indicates the need to better define the parameters informing wild boar and domestic pig contact
risks and rates through further research. Simulation models of hypothetical outbreaks and alternative
control strategies that link the domestic and wildlife compartments are critical for informing decision-
making. Just as this has been done for multiple other animal diseases such as Aujeszky's disease and
hepatitis E (Charrier et al., 2018), foot-and-mouth disease (Ward et al., 2015), and bovine tuberculosis
(Brooks-Pollock and Wood, 2015), this should be a priority for all nations at risk of ASF importation.

While mathematical models can provide many insights into disease control, they are far from
the only tool available. Recent ASF outbreaks have been successfully controlled without the use of
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mathematical models, such as in the Czech Republic and Belgium. Multisectoral collaboration between
epidemiologists, veterinarians, virologists, ecologists, field-work studies, and expert opinion plays an
integral role in ASF control. From model building to outcome validation and decision analysis, experts from
these fields should be included to maintain an inclusive multi-faceted approach to ASF modelling.

7. Conclusions

With outbreaks across 18 European and 12 Asian nations, ASF has become established as an
urgent threat to the global swine industry (ProMED-mail, 2020; Taylor et al., 2020). Mechanistic models
have shown much potential for helping to confront this epidemic, however, more modelling studies
using empirical data derived from real epidemics are needed, especially for generating better estimates
of transmission parameters. As these parameters are integral to designing calibrated intervention plans
(such as identifying optimal protection and surveillance zones, or (when available) the fraction of
necessary vaccination coverage), and since these parameters have been seen to vary between individual
ASF outbreaks, extrapolation of parameters between independent outbreak scenarios is precarious at
best. Deriving parameters from Georgia 2007/1 genotype Il historical outbreaks beyond the two
examinations of the past Russian Federation epidemic (Gulenkin et al., 2011; Guinat et al., 2018) is
critical for further refining models to combat the on-going ASF pandemic. Limitations of surveillance
systems in obtaining accurate data are an active impediment. Though this is being overcome through
more complex modelling and inference techniques (e.g. approximate Bayesian computation), existing
labour and workforce limitations hinder field data collection.

Prior to this past year, there was a need to diversify modelling approaches through developing
additional frameworks (as almost half of the studies at the time stemmed from one of either two
models: DTU-DADS-ASF (Halasa et al., 2016b) and ASF Wild Boar (Lange and Thulke, 2015)), however the
large influx of modelling teams in 2020 seeking to address ASF unknowns is a promising direction for the
field that will probably be reinforced due to the ASF modelling challenge. In addition, current evidence
indicates that spillover events between domestic pigs and wild boar play an important role in ASF
outbreaks, and this transmission should be a component of models going forward. Finally, to date, only
codified, hypothetical and a priori defined interventions were compared. Therefore, moving from
intervention comparison to identifying optimized control strategies is critical. Doing so will enable
policy-makers to identify the ideal course of action rather than a relatively better option among pre-
determined routes.

From a decision point of view, while we promote models to support policy, policy-makers should
consider several models together. As ensemble modelling studies have not been performed yet, we
recommend using existing models as decision guides only for the specific scenarios modelled. Due to the
uncertainty of even basic parameters, and as evidenced in the sensitivity analyses of different models,
we do not encourage extrapolating results to non-modelled scenarios (e.g. across national borders). The
current modelling body provides excellent insight for addressing ASF transmission at a multitude of
scales, and these studies should be referenced as such when forming policy decisions on that level by
considering all associated models (i.e. for addressing ASF in Sardinia considering the results of both Mur
et al. (2018) and Loi et al. (2019), or when deciding on intra-herd strategy considering the results of
Costard et al. (2015), Halasa et al. (2016a), Faverjon et al. (2020), and Vergne et al. (2020a)). For ASF
modelers, until uncertain parameters are further refined, we hope our consolidation of parameter
assumptions and results will facilitate parameter selection for future models. Addressing all these
modelling hurdles is expected to generate more appropriate information, for policy-makers and
modellers to contribute to the control of ASF both locally and globally.



659

660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708
709
710

17

References

Alonso, C., Borca, M., Dixon, L., Revilla, Y., Rodriguez, F., Escribano, J.M., 2018. ICTV Virus Taxonomy
Profile: Asfarviridae. J. Gen. Virol. 99, 613—614. https://doi.org/10.1099/jgv.0.001049

Anderson, R.M., May, R.M., 1992. Infectious Diseases of Humans: Dynamics and Control. Oxford
University Press.

Andraud, M., Halasa, T., Boklund, A., Rose, N., 2019. Threat to the French swine industry of African
swine fever: surveillance, spread, and control perspectives. Frontiers in Veterinary Science 6,
248. https://doi.org/10.3389/fvets.2019.00248

Andraud, M., Rose, N., 2020. Modelling infectious viral diseases in swine populations: a state of the art.
Porcine Health Manag 6, 22. https://doi.org/10.1186/s40813-020-00160-4

Arias, M., Sanchez-Vizcaino, J.M., 2002. African Swine Fever, in: Trends in Emerging Viral Infections of
Swine. John Wiley & Sons, Ltd, pp. 119-124. https://doi.org/10.1002/9780470376812.ch4a

Backer, J.A., Hagenaars, T.J., van Roermund, H.J.W., de Jong, M.C.M., 2009. Modelling the effectiveness
and risks of vaccination strategies to control classical swine fever epidemics. J R Soc Interface 6,
849-861. https://doi.org/10.1098/rsif.2008.0408

Barongo, M.B., Bishop, R.P., Fevre, E.M., Knobel, D.L., Ssematimba, A., 2016. A mathematical model that
simulates control options for African swine fever virus (ASFV). PLoS ONE 11, e0158658.

Barongo, M.B., Stahl, K., Bett, B., Bishop, R.P., Févre, E.M., Aliro, T., Okoth, E., Masembe, C., Knobel, D.,
Ssematimba, A., 2015. Estimating the basic reproductive number (RO) for African swine fever
virus (ASFV) transmission between pig herds in Uganda. PLoS ONE 10, e0125842.
https://doi.org/10.1371/journal.pone.0125842

Blome, S., Gabriel, C., Beer, M., 2013. Pathogenesis of African swine fever in domestic pigs and European
wild boar. Virus Res. 173, 122—-130. https://doi.org/10.1016/].virusres.2012.10.026

Blome, S., Gabriel, C., Dietze, K., Breithaupt, A., Beer, M., 2012. High Virulence of African Swine Fever
Virus Caucasus Isolate in European Wild Boars of All Ages. Emerg Infect Dis 18, 708.
https://doi.org/10.3201/eid1804.111813

Bosch, J., Rodriguez, A., Iglesias, I., Mufioz, M.J., Jurado, C., Sanchez-Vizcaino, J.M., de la Torre, A., 2017.
Update on the Risk of Introduction of African Swine Fever by Wild Boar into Disease-Free
European Union Countries. Transbound Emerg Dis 64, 1424-1432.
https://doi.org/10.1111/tbed.12527

Bradhurst, R.A., Roche, S.E., East, I.J., Kwan, P., Garner, M.G., 2015. A hybrid modeling approach to
simulating foot-and-mouth disease outbreaks in Australian livestock. Front. Environ. Sci. 3.
https://doi.org/10.3389/fenvs.2015.00017

Brooks-Pollock, E., Wood, J.L.N., 2015. Eliminating bovine tuberculosis in cattle and badgers: insight
from a dynamic model. Proceedings. Biological Sciences 282, 20150374.
https://doi.org/10.1098/rspb.2015.0374

Carrasco Garcia, R., 2016. Factores de riesgo de transmisién de enfermedades en ungulados cinegéticos
del centro y sur de Espafia.

Charrier, F., Rossi, S., Jori, F., Maestrini, O., Richomme, C., Casabianca, F., Ducrot, C., Jouve, J., Pavio, N.,
Le Potier, M.-F., 2018. Aujeszky’s Disease and Hepatitis E Viruses Transmission between
Domestic Pigs and Wild Boars in Corsica: Evaluating the Importance of Wild/Domestic
Interactions and the Efficacy of Management Measures. Front. Vet. Sci. 5.
https://doi.org/10.3389/fvets.2018.00001

Chenais, E., Depner, K., Guberti, V., Dietze, K., Viltrop, A., Stahl, K., 2019. Epidemiological considerations
on African swine fever in Europe 2014-2018. Porcine Health Manag 5, 6.
https://doi.org/10.1186/s40813-018-0109-2

Costard, S., Wieland, B., de Glanville, W., Jori, F., Rowlands, R., Vosloo, W., Roger, F., Pfeiffer, D.U.,
Dixon, L.K., 2009. African swine fever: how can global spread be prevented? Philos Trans R Soc
Lond B Biol Sci 364, 2683—-2696. https://doi.org/10.1098/rstb.2009.0098

Costard, S., Zagmutt, F.J., Porphyre, T., Pfeiffer, D.U., 2015. Small-scale pig farmers’ behavior, silent
release of African swine fever virus and consequences for disease spread. Scientific Reports 5,
17074. https://doi.org/10.1038/srep17074



711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761

18

Council of the European Union, 2002. Council Directive 2002/60/EC of 27 June 2002 laying down specific
provisions for the control of African swine fever and amending Directive 92/119/EEC as regards
Teschen disease and African swine fever. Official Journal of the European Union L 192, 27-46.

Courtejoie, N., Zanella, G., Durand, B., 2018. Bluetongue transmission and control in Europe: A
systematic review of compartmental mathematical models. Prev. Vet. Med. 156, 113-125.
https://doi.org/10.1016/j.prevetmed.2018.05.012

Croft, S., Massei, G., Smith, G.C., Fouracre, D., Aegerter, J.N., 2020. Modelling Spatial and Temporal
Patterns of African Swine Fever in an Isolated Wild Boar Population to Support Decision-Making.
Front Vet Sci 7, 154. https://doi.org/10.3389/fvets.2020.00154

Cwynar, P., Stojkov, J., Wlazlak, K., 2019. African Swine Fever Status in Europe. Viruses 11, 310.
https://doi.org/10.3390/v11040310

Davies, K., Goatley, L.C., Guinat, C., Netherton, C.L., Gubbins, S., Dixon, L.K., Reis, A.L., 2017. Survival of
African swine fever virus in excretions from pigs experimentally infected with the Georgia
2007/1 isolate. Transboundary and Emerging Diseases 64, 425-431.

Dixon, L.K., Stahl, K., Jori, F., Vial, L., Pfeiffer, D.U., 2020. African Swine Fever Epidemiology and Control.
Annu Rev Anim Biosci 8, 221-246. https://doi.org/10.1146/annurev-animal-021419-083741

FAO, 2020. FAOSTAT Statistical Database. FAO, Rome.

FAOQ, 2019. African swine fever in wild boar ecology and biosecurity, in: Guberti, V., Khomenko, S.,
Masiulis, M., Kerba, S. (Eds.) FAO Animal Production and Health Manual No. 22. FAO, Rome.

FAOQ, 2009. Preparation of African swine fever contigency plans, in: Penrith, M.L., Guberti, V., Depner, K.,
Lubroth, J. (Eds.), FAO Animal Production and Health Manual No. 8. FAO, Rome.

FAO, 2008. EMPRES WATCH-African swine fever in the Caucasus [April 2008].

Faverjon, C., Meyer, A., Howden, K., Long, K., Peters, L., Cameron, A., 2020. Risk-based early detection
system of African Swine Fever using mortality thresholds. Transboundary and emerging
diseases. https://doi.org/10.1111/tbed.13765

Ferreira, H.C. de C., Backer, J.A., Weesendorp, E., Klinkenberg, D., Stegeman, J.A., Loeffen, W.L.A., 2013.
Transmission rate of African swine fever virus under experimental conditions. Veterinary
Microbiology 165, 296—304. https://doi.org/10.1016/j.vetmic.2013.03.026

Ferreira, H.C., Weesendorp, E., Elbers, A.R.W., Bouma, A., Quak, S., Stegeman, J.A., Loeffen, W.L.A.,
2012. African swine fever virus excretion patterns in persistently infected animals: a quantitative
approach. Vet Microbiol 160, 327-340. https://doi.org/10.1016/j.vetmic.2012.06.025

Gabriel, C., Blome, S., Malogolovkin, A., Parilov, S., Kolbasov, D., Teifke, J.P., Beer, M., 2011.
Characterization of African Swine Fever Virus Caucasus Isolate in European Wild Boars. Emerg
Infect Dis 17, 2342-2345. https://doi.org/10.3201/eid1712.110430

Gallardo, C., Soler, A., Nieto, R., Cano, C., Pelayo, V., Sdnchez, M.A., Pridotkas, G., Fernandez-Pinero, J.,
Briones, V., Arias, M., 2017. Experimental Infection of Domestic Pigs with African Swine Fever
Virus Lithuania 2014 Genotype Il Field Isolate. Transbound Emerg Dis 64, 300-304.
https://doi.org/10.1111/tbed.12346

Gallardo, M.C., Reoyo, A. de la T., Fernandez-Pinero, J., Iglesias, |., Mufioz, M.J., Arias, M.L., 2015. African
swine fever: a global view of the current challenge. Porcine Health Manag 1, 21.
https://doi.org/10.1186/s40813-015-0013-y

Gavier-Widén, D., Stahl, K., Dixon, L., 2020. No hasty solutions for African swine fever. Science 367, 622—
624. https://doi.org/10.1126/science.aaz8590

Gervasi, V., Marcon, A., Bellini, S., Guberti, V., 2019. Evaluation of the Efficiency of Active and Passive
Surveillance in the Detection of African Swine Fever in Wild Boar. Vet Sci 7.
https://doi.org/10.3390/vetsci7010005

Guinat, C., Gogin, A,, Blome, S., Keil, G., Pollin, R., Pfeiffer, D., Dixon, L., 2016a. Transmission routes of
African swine fever virus to domestic pigs: current knowledge and future research directions.
Vet Rec 178, 262-267. https://doi.org/10.1136/vr.103593

Guinat, C., Gubbins, S., Vergne, T., Gonzales, J.L., Dixon, L., Pfeiffer, D.U., 2016b. Experimental pig-to-pig
transmission dynamics for African swine fever virus, Georgia 2007/1 strain [published correction



762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812

19

appears in Epidemiol Infect. 2016 Dec;144(16):3564-3566]. Epidemiol Infect 144, 25-34.
https://doi.org/10.1017/50950268815000862

Guinat, C., Porphyre, T., Gogin, A., Dixon, L., Pfeiffer, D.U., Gubbins, S., 2018. Inferring within-herd
transmission parameters for African swine fever virus using mortality data from outbreaks in the
Russian Federation. Transbound Emerg Dis 65, e264—e271. https://doi.org/10.1111/tbed.12748

Guinat, C., Reis, A.L., Netherton, C.L., Goatley, L., Pfeiffer, D.U., Dixon, L., 2014. Dynamics of African
swine fever virus shedding and excretion in domestic pigs infected by intramuscular inoculation
and contact transmission. Vet Res 45. https://doi.org/10.1186/s13567-014-0093-8

Gulenkin, V.M., Korennoy, F.l., Karaulov, A.K., Dudnikov, S.A., 2011. Cartographical analysis of African
swine fever outbreaks in the territory of the Russian Federation and computer modeling of the
basic reproduction ratio. Preventive veterinary medicine 102, 167-174.
https://doi.org/10.1016/j.prevetmed.2011.07.004

Halasa, T., Boklund, A., Bgtner, A., Mortensen, S., Kjeer, L.J., 2019. Simulation of transmission and
persistence of African swine fever in wild boar in Denmark. Preventive Veterinary Medicine 167,
68-79. https://doi.org/10.1016/j.prevetmed.2019.03.028

Halasa, T., Boklund, A., Bgtner, A., Toft, N., Thulke, H.H., 2016a. Simulation of spread of African swine
fever, including the effects of residues from dead animals. Frontiers in Veterinary Science 3.
https://doi.org/10.3389/fvets.2016.00006

Halasa, T., Bgtner, A., Mortensen, S., Christensen, H., Toft, N., Boklund, A., 2016b. Simulating the
epidemiological and economic effects of an African swine fever epidemic in industrialized swine
populations. Veterinary Microbiology 193, 7-16. https://doi.org/10.1016/j.vetmic.2016.08.004

Halasa, T., Botner, A., Mortensen, S., Christensen, H., Toft, N., Boklund, A., 2016c. Control of African
swine fever epidemics in industrialized swine populations. Vet Microbiol 197, 142-150.
https://doi.org/10.1016/j.vetmic.2016.11.023

Halasa, T., Botner, A., Mortensen, S., Christensen, H., Wulff, S.B., Boklund, A., 2018. Modeling the Effects
of Duration and Size of the Control Zones on the Consequences of a Hypothetical African Swine
Fever Epidemic in Denmark. Front Vet Sci 5, 49. https://doi.org/10.3389/fvets.2018.00049

Hauser, C.E., McCarthy, M.A., 2009. Streamlining “search and destroy”: cost-effective surveillance for
invasive species management. Ecol Lett 12, 683-692. https://doi.org/10.1111/j.1461-
0248.2009.01323.x

Hu, B., Gonzales, J.L., Gubbins, S., 2017. Bayesian inference of epidemiological parameters from
transmission experiments. Sci Rep 7, 16774. https://doi.org/10.1038/s41598-017-17174-8

INRAE, 2020. ASF Challenge [WWW Document]. ASF Challenge. URL
https://wwweé.inrae.fr/asfchallenge/ (accessed 2.2.21).

Ivorra, B., Martinez-Lépez, B., Sdnchez-Vizcaino, J.M., Ramos, A.M., 2014. Mathematical formulation and
validation of the Be-FAST model for Classical Swine Fever Virus spread between and within
farms. Ann Oper Res 219, 25-47. https://doi.org/10.1007/s10479-012-1257-4

Keeling, M.J., Rohani, P., 2008. Modeling Infectious Diseases in Humans and Animals. Princeton
University Press, Princeton, NJ.

Kumar, S., Stecher, G., Li, M., Knyaz, C., Tamura, K., 2018. MEGA X: Molecular Evolutionary Genetics
Analysis across Computing Platforms. Molecular Biology and Evolution 35, 1547-1549.
https://doi.org/10.1093/molbev/msy096

Landis, J.R., Koch, G.G., 1977. The Measurement of Observer Agreement for Categorical Data. Biometrics
33, 159-174. https://doi.org/10.2307/2529310

Lange, M., 2015. Alternative control strategies against ASF in wild boar populations. EFSA Supporting
Publications 29. https://doi.org/10.2903/sp.efsa.2015.EN-843

Lange, M., Guberti, V., Thulke, H.H., 2018. Understanding ASF spread and emergency control concepts in
wild boar populations using individual-based modelling and spatio-temporal surveillance data.
EFSA Supporting Publications 15, 1521E.

Lange, M., Thulke, H.-H., 2017. Elucidating transmission parameters of African swine fever through wild
boar carcasses by combining spatio-temporal notification data and agent-based modelling.



813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863

20

Stochastic Environmental Research and Risk Assessment 31, 379-391.
https://doi.org/10.1007/s00477-016-1358-8

Lange, M., Thulke, H.-H., 2015. Mobile barriers as emergency measure to control outbreaks of African
Swine Fever in wild boar, in: Proceedings of the Annual Meeting for the Society for Veterinary
Epidemiology and Preventive Medicine. Presented at the SVEPM, Gent.

Leaper, R., Massei, G., Gorman, M.L., Aspinall, R., 1999. The feasibility of reintroducing Wild Boar (Sus
scrofa) to Scotland. Mammal Review 29, 239-258. https://doi.org/10.1046/j.1365-
2907.1999.2940239.x

Lee, H.S., Thakur, K.K., Bui, V.N., Pham, T.L., Bui, A.N., Dao, T.D., Thanh, V.T., Wieland, B., 2020. A
stochastic simulation model of African swine fever transmission in domestic pig farms in the Red
River Delta region in Vietnam. Transbound Emerg Dis. https://doi.org/10.1111/tbed.13802

Liberati, A., Altman, D.G., Tetzlaff, J., Mulrow, C., Ggtzsche, P.C., loannidis, J.P.A., Clarke, M., Devereaux,
P.J., Kleijnen, J., Moher, D., 2009. The PRISMA Statement for Reporting Systematic Reviews and
Meta-Analyses of Studies That Evaluate Health Care Interventions: Explanation and Elaboration.
PLOS Medicine 6, €1000100. https://doi.org/10.1371/journal.pmed.1000100

Loi, F., Cappai, S., Coccollone, A., Rolesu, S., 2019. Standardized Risk Analysis Approach Aimed to
Evaluate the Last African Swine Fever Eradication Program Performance, in Sardinia. Front Vet
Sci 6, 299. https://doi.org/10.3389/fvets.2019.00299

Loi, F., Cappai, S., Laddomada, A., Feliziani, F., Oggiano, A., Franzoni, G., Rolesu, S., Guberti, V., 2020.
Mathematical approach to estimating the main epidemiological parameters of African swine
fever in wild boar. Vaccines 8.

Marion, G., Lawson, D., 2015. An Introduction to Mathematical Modelling.
https://doi.org/10.5860/choice.32-5134

Moore, J.L., Rout, T.M., Hauser, C.E., Moro, D., Jones, M., Wilcox, C., Possingham, H.P., 2010. Protecting
islands from pest invasion: optimal allocation of biosecurity resources between quarantine and
surveillance. Biological Conservation 143, 1068—-1078.
https://doi.org/10.1016/j.biocon.2010.01.019

Morley, R.S., 1993. A model for the assessment of the animal disease risks associated with the
importation of animals and animal products. Rev Sci Tech 12, 1055-1092.
https://doi.org/10.20506/rst.12.4.743

Mur, L., Sdnchez-Vizcaino, J.M., Fernandez-Carridn, E., Jurado, C., Rolesu, S., Feliziani, F., Laddomada, A,,
Martinez-Lopez, B., 2018. Understanding African Swine Fever infection dynamics in Sardinia
using a spatially explicit transmission model in domestic pig farms. Transboundary and Emerging
Diseases 65, 123-134. https://doi.org/10.1111/tbed.12636

Nielsen, J.P., Larsen, T.S., Halasa, T., Christiansen, L.E., 2017. Estimation of the transmission dynamics of
African swine fever virus within a swine house. Epidemiol Infect 145, 2787-2796.
https://doi.org/10.1017/50950268817001613

Nigsch, A., Costard, S., Jones, B.A., Pfeiffer, D.U., Wieland, B., 2013. Stochastic spatio-temporal
modelling of African swine fever spread in the European Union during the high risk period.
Preventive Veterinary Medicine 108, 262—-275.
https://doi.org/10.1016/j.prevetmed.2012.11.003

OIE, 2019. Terrestrial Animal Health Code, 28th ed. OIE, Paris.

OIE, 2014. Technical disease card. African swine fever.

OIE, 2008. Terrestrial Animal Health Code, 17th ed. OIE, Paris.

Olesen, A.S., Lohse, L., Boklund, A., Halasa, T., Belsham, G.J., Rasmussen, T.B., Bgtner, A., 2018. Short
time window for transmissibility of African swine fever virus from a contaminated environment.
Transbound Emerg Dis 65, 1024—1032. https://doi.org/10.1111/tbed.12837

Olesen, A.S,, Lohse, L., Boklund, A., Halasa, T., Gallardo, C., Pejsak, Z., Belsham, G.J., Rasmussen, T.B.,
Botner, A., 2017. Transmission of African swine fever virus from infected pigs by direct contact
and aerosol routes. Veterinary Microbiology 211, 92—-102.
https://doi.org/10.1016/j.vetmic.2017.10.004



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915

21

O’Neill, X., White, A., Ruiz-Fons, F., Gortazar, C., 2020. Modelling the transmission and persistence of
African swine fever in wild boar in contrasting European scenarios. Sci Rep 10, 5895.
https://doi.org/10.1038/s41598-020-62736-y

Pardi, F., Gascuel, O., 2016. Distance--based methods in phylogenetics, in: Kliman, R.M. (Ed.),
Encyclopedia of Evolutionary Biology, 1st Edition. Elsevier, pp. 458-465.

Penrith, M.L., Thomson, G.R., Bastos, A.D.S., 2004. African Swine Fever, in: Infectious Diseases of
Livestock Vol. 2 (Eds J. A. W. Coetzer & R. C. Tustin). Oxford University Press, pp. 1088-1119.

Pepin, K.M., Golnar, A.J., Abdo, Z., Podgorski, T., 2020. Ecological drivers of African swine fever virus
persistence in wild boar populations: Insight for control. Ecol Evol 10, 2846—2859.
https://doi.org/10.1002/ece3.6100

Pietschmann, J., Guinat, C., Beer, M., Pronin, V., Tauscher, K., Petrov, A., Keil, G., Blome, S., 2015. Course
and transmission characteristics of oral low-dose infection of domestic pigs and European wild
boar with a Caucasian African swine fever virus isolate. Arch. Virol. 160, 1657-1667.
https://doi.org/10.1007/s00705-015-2430-2

Plowright, W., Thomson, G., Neser, J., 1994. African swine fever, in: Infectious Diseases of Livestock:
With Special Reference to Southern Africa Vol. 1 (Eds J. A. W. Coetzer & R. C. Tustin). Oxford
University Press, pp. 567-599.

Pomeroy, L.W., Bansal, S., Tildesley, M., Moreno-Torres, K.l., Moritz, M., Xiao, N., Carpenter, T.E.,
Garabed, R.B., 2017. Data-Driven Models of Foot-and-Mouth Disease Dynamics: A Review.
Transbound Emerg Dis 64, 716—728. https://doi.org/10.1111/tbed.12437

Portugal, R., Coelho, J., Hoper, D., Little, N.S., Smithson, C., Upton, C., Martins, C., Leitdo, A., Keil, G.M.,
2015. Related strains of African swine fever virus with different virulence: genome comparison
and analysis. Journal of General Virology 96, 408—419. https://doi.org/10.1099/vir.0.070508-0

Probst, C., Globig, A., Knoll, B., Conraths, F.J., Depner, K., 2017. Behaviour of free ranging wild boar
towards their dead fellows: potential implications for the transmission of African swine fever. R
Soc Open Sci 4, 170054. https://doi.org/10.1098/rs0s.170054

ProMED-mail, 2020. African swine fever - Europe (19): Germany (BB) wild boar, conf, OIE. ProMED-mail
2020 10 Sep.

Ray, R., Seibold, H., Heurich, M., 2014. Invertebrates outcompete vertebrate facultative scavengers in
simulated lynx kills in the Bavarian Forest National Park, Germany. Animal Biodiversity and
Conservation 71, 77-88. https://doi.org/10.5167/uzh-130585

Rock, D.L., 2017. Challenges for African swine fever vaccine development—*... perhaps the end of the
beginning.” Veterinary Microbiology 206, 52—58. https://doi.org/10.1016/j.vetmic.2016.10.003

Rowlands, R.J., Michaud, V., Heath, L., Hutchings, G., Oura, C., Vosloo, W., Dwarka, R., Onashvili, T.,
Albina, E., Dixon, L.K., 2008. African Swine Fever Virus Isolate, Georgia, 2007. Emerg Infect Dis
14, 1870-1874. https://doi.org/10.3201/eid1412.080591

Rushton, J., Thornton, P.K., Otte, M.J., 1999. Methods of economic impact assessment. Rev Sci Tech 18,
315-342. https://doi.org/10.20506/rst.18.2.1172

Saitou, N., Nei, M., 1987. The neighbor-joining method: a new method for reconstructing phylogenetic
trees. Mol. Biol. Evol. 4, 406—425. https://doi.org/10.1093/oxfordjournals.molbev.a040454

Sanchez-Vizcaino, J.M., 2012. African Swine Fever Virus, in: Diseases of Swine (Eds Jeffery J. Zimmerman
et Al.). Wiley-Blackwell, pp. 396-404.

Sanchez-Vizcaino, J.M., Mur, L., Gomez-Villamandos, J.C., Carrasco, L., 2015. An update on the
epidemiology and pathology of African swine fever. ] Comp Pathol 152, 9-21.
https://doi.org/10.1016/j.jcpa.2014.09.003

Sanchez-Vizcaino, J.M., Mur, L., Martinez-Ldépez, B., 2012. African Swine Fever: An Epidemiological
Update. Transboundary and Emerging Diseases 59, 27—-35. https://doi.org/10.1111/j.1865-
1682.2011.01293.x

Shi, R., Li, Y., Wang, C., 2020. Stability analysis and optimal control of a fractional-order model for
African swine fever. Virus Res 288, 198111. https://doi.org/10.1016/j.virusres.2020.198111

Spitz, F., Janeau, G., 1990. Spatial strategies: an attempt to classify daily movements of wild boar.
https://doi.org/10.4098/AT.arch.90-14



916
917
918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939

940

22

Taylor, R.A., Podgdrski, T., Simons, R.R.L,, Ip, S., Gale, P., Kelly, L.A., Snary, E.L., 2020. Predicting spread
and effective control measures for African swine fever-Should we blame the boars? Transbound
Emerg Dis. https://doi.org/10.1111/tbed.13690

Thulke, H.H., Lange, M., 2017. Simulation-based investigation of ASF spread and control in wildlife
without consideration of human non-compliance to biosecurity. EFSA Supporting Publications
14, 1312E. https://doi.org/10.2903/sp.efsa.2017.EN-1312

Vergne, T., Andraud, M., Bonnet, S., De Regge, N., Desquesnes, M., Fite, J., Etore, F., Garigliany, M.-M.,
Jori, F., Lempereur, L., Le Potier, M.-F., Quillery, E., Saegerman, C., Vial, L., Bouhsira, E., 2020a.
Mechanical transmission of African swine fever virus by Stomoxys calcitrans: Insights from a
mechanistic model. Transbound Emerg Dis. https://doi.org/10.1111/tbed.13824

Vergne, T., Guinat, C., Pfeiffer, D.U., 2020b. Undetected Circulation of African Swine Fever in Wild Boar,
Asia. Emerging Infectious Diseases 26, 2480-2482. https://doi.org/10.3201/eid2610.200608

Viboud, C., Sun, K., Gaffey, R., Ajelli, M., Fumanelli, L., Merler, S., Zhang, Q., Chowell, G., Simonsen, L.,
Vespignani, A., 2018. The RAPIDD ebola forecasting challenge: Synthesis and lessons learnt.
Epidemics, The RAPIDD Ebola Forecasting Challenge 22, 13-21.
https://doi.org/10.1016/j.epidem.2017.08.002

Ward, M.P., Garner, M.G., Cowled, B.D., 2015. Modelling foot-and-mouth disease transmission in a wild
pig-domestic cattle ecosystem. Australian Veterinary Journal 93, 4-12.
https://doi.org/10.1111/avj.12278

Yang, A., Schlichting, P., Wight, B., Anderson, W.M., Chinn, S.M., Wilber, M.Q., Miller, R.S., Beasley, J.C.,
Boughton, R.K., VerCauteren, K.C., Wittemyer, G., Pepin, K.M., 2020. Effects of social structure
and management on risk of disease establishment in wild pigs. J Anim Ecol.
https://doi.org/10.1111/1365-2656.13412



941

942

943

944

945

946

947

948

949

Figure 1. PRISMA flow diagram for article selection

(See attached jpg)

Figure 2. Publications by year

(See attached jpg)

Figure 3. Filiation tree of articles

(See attached jpg)

23



950

951

Table 1. Epidemiological characteristics of articles

24

Data collection

Reference Host ASFV isolate ASFV genotype Location method
Russian
Gulenkin et al., 2011 Pig Georgia 2007/1 Genotype Il Federation Observational
Malta 1978
Ferreira et al,, 2013 Pig Netherlands 1986  Genotype | Laboratory Experimental
Nigsch et al., 2013 Pig - - European Union Simulation
Barongo et al., 2015 Pig - Genotype IX Uganda Observational
Costard et al., 2015 Pig - - Non-specific Simulation
Barongo et al., 2016 Pig - - Eastern Africa Simulation
Guinat et al., 2016b Pig Georgia 2007/1 Genotype Il Laboratory Experimental
Halasa et al., 2016a Pig Georgia 2007/1 Genotype Il Non-specific Simulation
Halasa et al., 2016b Pig Georgia 2007/1 Genotype Il Denmark Simulation
Halasa et al., 2016¢ Pig Georgia 2007/1 Genotype Il Denmark Simulation
Hu et al., 2017 Pig Georgia 2007/1 Genotype Il Laboratory Experimental
Nielsen et al., 2017 Pig Georgia 2007/1 Genotype Il Laboratory Experimental
Russian
Guinat et al., 2018 Pig Georgia 2007/1 Genotype Il Federation Observational
Halasa et al., 2018 Pig Georgia 2007/1 Genotype Il Denmark Simulation
Mur et al., 2018 Pig - Genotype | Sardinia Simulation
Andraud et al., 2019 Pig Georgia 2007/1 Genotype Il France Simulation
Faverjon et al., 2020 Pig Georgia 2007/1 Genotype Il Laboratory Simulation
Lee et al., 2020 Pig Georgia 2007/1 Genotype Il Vietnam Simulation
Shi et al., 2020 Pig - - Laboratory Simulation
Vergne et al., 2020a Pig Georgia 2007/1 Genotype Il Non-specific Simulation
Pietschmann et al., 2015 Pig, Boar  Armenia 2008 Genotype Il Laboratory Experimental
Taylor et al., 2020 Pig, Boar  Georgia 2007/1 Genotype Il Europe Simulation
Lange, 2015 Boar Georgia 2007/1 Genotype Il Non-specific Simulation
Lange and Thulke, 2015 Boar Georgia 2007/1 Genotype Il Non-specific Simulation
Lange and Thulke, 2017 Boar Georgia 2007/1 Genotype Il Baltic region Observational
Thulke and Lange, 2017 Boar Georgia 2007/1 Genotype Il Baltic region Simulation
Lange et al,, 2018 Boar Georgia 2007/1 Genotype Il Baltic region Simulation
Gervasi et al., 2019 Boar Georgia 2007/1 Genotype Il Non-specific Simulation
Halasa et al., 2019 Boar Georgia 2007/1 Genotype Il Denmark Simulation
Croft et al., 2020 Boar Georgia 2007/1 Genotype Il England Simulation
Loi et al., 2020 Boar - Genotype | Sardinia Observational
O’Neill et al., 2020 Boar Georgia 2007/1 Genotype Il Spain, Estonia Simulation
Pepin et al., 2020 Boar Georgia 2007/1 Genotype Il Poland Simulation
United States of
Yang et al., 2020 Boar - - America Simulation
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Reference Host Framework Time Space Model Objective

Gulenkin et al., 2011 Pig PBM Continuous  No Estimate parameters

Ferreira et al., 2013 Pig PBM Discrete No Estimate parameters

Nigsch et al., 2013 Pig IBM Discrete Movement Assess transmission determinants

Barongo et al., 2015 Pig PBM Continuous  No Estimate parameters

Costard et al., 2015 Pig IBM Discrete No Assess alt. control strategies

Barongo et al., 2016 Pig PBM Continuous  No Assess alt. control strategies

Guinat et al., 2016b Pig PBM Discrete No Estimate parameters

Halasa et al., 2016a Pig PBM Discrete No Assess transmission determinants
Meta- Movement and

Halasa et al., 2016b Pig population Discrete distance Assess consequences of outbreak
Meta- Movement and

Halasa et al., 2016c Pig population Discrete distance Assess alt. control strategies

Hu et al., 2017 Pig PBM Continuous  No Estimate parameters

Nielsen et al., 2017 Pig PBM Discrete No Estimate parameters

Guinat et al., 2018 Pig PBM Continuous  No Estimate parameters
Meta- Movement and

Halasa et al., 2018 Pig population Discrete distance Assess consequences of outbreak
Meta- Movement and

Mur et al., 2018 Pig population Discrete distance Assess transmission determinants
Meta- Movement and

Andraud et al., 2019 Pig population Discrete distance Assess consequences of outbreak

Faverjon et al., 2020 Pig PBM Discrete Distance Assess alt. control strategies

Lee et al., 2020 Pig IBM Discrete Movement Assess alt. control strategies

Shi et al., 2020 Pig PBM Continuous  No Estimate parameters

Vergne et al., 2020a Pig PBM Continuous  No Assess transmission determinants

Pietschmann et al., 2015 Pig, Boar PBM Discrete No Estimate parameters

Taylor et al., 2020 Pig, Boar IBM Discrete Movement Assess alt. control strategies

Lange, 2015 Boar IBM Discrete Movement Assess alt. control strategies

Lange and Thulke, 2015 Boar IBM Discrete Movement Assess alt. control strategies

Lange and Thulke, 2017 Boar IBM Discrete Movement Estimate parameters

Thulke and Lange, 2017 Boar IBM Discrete Movement Assess alt. control strategies

Lange et al,, 2018 Boar IBM Discrete Movement Assess alt. control strategies

Gervasi et al., 2019 Boar PBM Discrete No Assess alt. control strategies

Halasa et al., 2019 Boar IBM Discrete Movement Assess transmission determinants

Croft et al., 2020 Boar IBM Discrete Movement Assess consequences of outbreak

Loi et al., 2020 Boar PBM Continuous No Estimate parameters

O’Neill et al., 2020 Boar PBM Continuous  No Assess transmission determinants

Pepin et al., 2020 Boar IBM Continuous  Movement Assess transmission determinants

Yang et al., 2020 Boar PBM Continuous  No Assess consequences of outbreak
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ASFV Strain Host unit transmission (days) period (days) B Ro Reference
Within 1.124 (95% Cl 1.103-1.145) - 1.170 (1.009—-
Genotype | Boar Individual population 3.57 days 5-7 0.5 1.332) Loi et al., 2020
4+ 0.8 (low dose) Min: 7.0+ 2.9 Min infectious period: 18.0 (95% Cl 6.90, 46.9)
Malta 1978 Pig Individual Within pen 5+ 1.4 (high dose) Max: 33.6 £ 22.5 2.79 (95% Cl1 1.57, 4.95) Max infectious period: 62.3 (95% Cl 6.91, 562) Ferreira et al., 2013
Netherlands Min:59+2.6 Min infectious period: 4.92 (95% Cl 1.45, 16.6)
1986 Pig Individual Within pen 5+05 Max: 19.9 + 20.2 0.92 (95% Cl1 0.44, 1.92) Max infectious period: 9.75 (95% Cl 0.76, 125) Ferreira et al., 2013
Min: 4.5 + 0.75 days Min infectious period: 2.71 (95% Cl 1.32, 4.56)
Georgia 2007/1  Pig Individual Within pen 4 Max: 8.5 * 2.75 days 0.62 (95% C10.32,0.91) Max infectious period: 4.99 (95% Cl 1.36, 10.13)  Guinat et al., 2016b
Gamma(mean, shape) Gamma(mean, shape)
mean ~ Gamma(4.5, 10) mean ~ Gamma(10,6.0) 2.62 (95% HPDI 0.96,
Pig Individual Within pen shape ~ Gamma(10, 2) shape ~ Gamma(19.3, 2) 5.61) 24.1 (95% HPDI 7.34, 54.2) Hu et al.,, 2017
Pig Individual Within pen 3-5 45+0.75 1.00 (95% C1 0.56, 1.69) (not reported) Nielsen et al., 2017
Min: 4.5 + 0.75 days Min infectious period: 1.66 (95% CI 0.28, 3.31)
Pig Individual Between pen 4 Max: 8.5 + 2.75 days 0.38 (95% CI 0.06, 0.70) Max infectious period: 3.07 (95% Cl 0.37, 6.97) Guinat et al., 2016b
Gamma(mean, shape) Gamma(mean, shape)
mean ~ Gamma(4.5, 10) mean ~ Gamma(10,6.0) 0.99 (95% HPDI 0.31,
Pig Individual Between pen shape ~ Gamma(10, 2) shape ~ Gamma(19.3, 2) 1.98) 9.17 (95% HPDI 2.67, 19.2) Hu et al., 2017
Pig Individual Between pen 3-5 4.5+0.75 0.46 (95% Cl1 0.16, 1.06) (not reported) Nielsen et al., 2017
Pig Individual Within herd - 1-5 (not reported) 8-11 Gulenkin et al., 2011
Gamma(mean, shape) Gamma(mean, shape)
mean ~ Gamma(6.25, 10) mean ~ Gamma(9.12, 10) 0.7 (95% HPDI 0.3, 1.6) -
Pig Individual Within herd shape ~ Gamma(19.39, 5) shape ~ Gamma(22.20, 5) 2.2 (95% HPDI 0.5, 5.3) 4.4 (95% Crl 2.0, 13.4) - 17.3 (3.5, 45.5) Guinat et al., 2018
Pig Herd Between herd - 1-5 (not reported) 2-3 Gulenkin et al., 2011
Armenia 2008 Boar Individual Within pen 4 2-9 (not reported) 6.1 (95% C1 0.6, 14.5) Pietschmann et al., 2015
Pig,
Boar Individual Within pen 4 2-9 (not reported) 5.0 (95% Cl 1.4, 10.7) Pietschmann et al., 2015
Pig,
Boar Individual Between pen 4 2-9 (not reported) 0.5(95% Cl 0.1, 1.3) Pietschmann et al., 2015
Genotype IX Pig Herd Between herd - 1 month 1,77 1.77 (95% Cl1 1.74, 1.81) Barongo et al., 2015
Pig Herd Between herd - 1 month 0,0059 1.58 (range not reported) Barongo et al., 2015
Pig Herd Between herd - 1 month 1,90 1.90 (95% Cl 1.87, 1.94) Barongo et al., 2015
Within
Not specified Pig Herd population 2.86 - 8.33 days 1.25-100 0.001-0.3 0.8043 —3.7695 Shi et al., 2020
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Reference Host Value Source
Average ASFV infectious period duration

Gulenkin et al., 2011 Pigs 1-5 days (FAO, 2009)

Barongo et al., 2015 Pigs 1 month (Ferreira et al., 2013)

Guinat et al., 2016b Pigs Min: 3 - 6 days (Gabriel et al., 2011; Blome
Max: 3 - 14 days etal.,, 2012, 2013)

Hu et al., 2017 Pigs Gamma(mean (days), shape) (Ferreira et al., 2013)
mean ~ Gamma(10,6.0)
shape ~ Gamma(19.3, 2)

Nielsen et al., 2017 Pigs 4.5+ 0.75 days (Guinat et al., 2014)

Guinat et al., 2018 Pigs Gamma(mean (days), shape) (Gulenkin et al., 2011; Guinat
mean ~ Gamma(9.12, 10) et al., 2016b; Hu et al., 2017)
shape ~ Gamma(22.20, 5)

Lange, 2015; Lange and Thulke,  Boar 1 week (Blome et al., 2012)

2015, 2017; Thulke and Lange,
2017; Lange et al., 2018

Halasa et al., 2019 Boar PERT(1, 5, 7) days

Faverjon et al., 2020 Pig Uniform (3, 5.5)

Lee et al., 2020 Pig 4-52 weeks

Loi et al., 2020 Boar 5-7 days

O’Neill et al., 2020 Boar Live boar: 5 days
Carcasses: 8 weeks

Pepin et al., 2020 Pig, Poisson(5 days)

Boar

Taylor et al., 2020 Boar Live boar: PERT(3, 6, 10) days
Carcasses: PERT(15, 26, 124)
days

Vergne et al., 2020a Pig PERT(3, 7, 14) days

Yang et al., 2020 Boar 5 days

(Olesen et al., 2017)
(Guinat et al., 2016a, 2016b)
(assumed)

(Gabriel et al., 2011; Blome
et al, 2012; Guinat et al.,
2016b)

(Gallardo et al., 2015)

(Carrasco Garcia, 2016;
Probst et al., 2017)

(Blome et al., 2012; Gallardo
etal.,, 2017)

(Gabriel et al., 2011; Guinat
etal.,, 2014)

(Morley, 1993; Olesen et al.,
2018; Probst et al., 2017;
Chenais et al., 2019)

(Guinat et al., 2016b)

(Davies et al., 2017)

Reference Host Value Source
Beta
Barongo et al., 2016 Pigs PERT(0.2, 0.3, 0.5) Ferreira et al., 2013
Halasa et al., 2016a Pigs 0.30 or 0.60 Guinat et al., 2016b
Hu et al., 2017 Pigs Gamma(2,2) Gulenkin et al., 2011
Guinat et al., 2018 Pigs Gamma(2, 2) Gulenkin et al., 2011; Guinat
et al,, 2016b; Hu et al., 2017
Halasa et al., 2016b, 2016c, Pigs Nuclear, production: Guinat et al., 2016b
2018 PERT(0.14, 0.38, 0.8); Boar,
backyard, quarantine, hobby:
PERT(0.36, 0.60, 0.93)
Mur et al., 2018 Pigs Industrial, closed, semi-free: Gulenkin et al., 2011
1.42, Family: 1.85
Andraud et al., 2019 Pigs Within herd: PERT(0.6, 1, 1.5) Halasa et al., 2016b
Faverjon et al., 2020 Pig Within pen: Truncated Ferreira et al., 2013; Guinat
normal(min, mean, max, et al,, 2016a, 2016b
sd)(0, 0.6, 14.3, 0.4)
Between pen: Truncated
normal(0, 0.3, 14.3,0.2)
Between room: Truncated Assumed
normal(0, 0.01, 0.1, 0.05)
Lee et al., 2020 Pig Direct contact, indirect Guinat et al., 2016b
contact between small and
medium farms: 0.6
Indirect contact to large
farms: 0.006
Shi et al., 2020 Pig 0.001-0.3 Ferreira et al., 2013
Taylor et al., 2020 Boar Wild boar to pig: Uniform(0, Pietschmann et al., 2015 and
0.167) assumed
Wild boar to wild boar:
PERT(0, 0.167, 0.3)
Dead wild boar to wild boar:
Uniform(0, 0.167)
Vergne et al., 2020a Pig PERT(0.2, 0.4, 0.6) Guinat et al., 2016b
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Reference Host Value Source
Average ASFV incubation period duration
Gulenkin et al., 2011 Pigs 15 days OIE, 2008
Nigsch et al., 2013 Pigs PERT(3, 5, 13) days FAO, 2009, Depner personal
communication
Barongo et al., 2015 Pigs 5-15 days Sanchez-Vizcaino et al., 2015
Costard et al., 2015 Pigs Weibull(shape, scale) Plowright et al., 1994; Arias
2+ (Weibull (1.092, 4.197 and Sanchez-Vizcaino, 2002;
(median 5, range 2-19) days Penrith et al., 2004; Sanchez-
Vizcaino, 2012
Mur et al., 2018 Pigs Poisson(8) Ferreira et al., 2013; OIE,
2014
Faverjon et al., 2020 Pig Gamma(shape, scale) (13.299, Ferreira et al., 2012, 2013;
0.3384482) Guinat et al., 2016a, 2016b
Pepin et al., 2020 Boar Poisson(4) days Blome et al., 2012; Gallardo

et al., 2017

Reference Host Value Source
Average ASFV latent period duration
Nigsch et al., 2013 Pigs 1-2 days FAO, 2009
Costard et al., 2015 Pigs Uniform(1,2) days Arias and Sanchez-Vizcaino,
2002; Plowright et al., 1994
Pietschmann et al., 2015 Both 4 days Assumed
Guinat et al., 2016b Pigs 2-5 days Assumed
Barongo et al., 2016 Pigs PERT(2.86, 4, 8.3) days OIE, 2008; FAO, 2008, 2009
Hu et al., 2017 Pigs Gamma(mean (days), shape) Ferreira et al., 2013
mean ~ Gamma(4.5, 10)
shape ~ Gamma(10, 2)
Nielsen et al., 2017 Pigs 3-5 days Guinat et al., 2014
Guinat et al., 2018 Pigs Gamma(mean (days), shape) Gulenkin et al., 2011; Guinat
mean ~ Gamma(6.25, 10) et al., 2016b; Hu et al., 2017
shape ~ Gamma(19.39, 5)
Mur et al., 2018 Pigs Poisson(2) Ferreira et al., 2013; OIE,
2014
Halasa et al., 2019 Boar PERT(1, 5, 9) days Olesen et al., 2017
Loi et al., 2020 Boar 3.57 days Gabriel et al., 2011; Blome et
al., 2012; Guinat et al., 2016b
Shi et al., 2020 Pig 2.86 - 8.33 days Barongo et al., 2016
Vergne et al., 2020a Pig PERT(3,4,5) days Guinat et al., 2016b
Yang et al., 2020 Boar 4 days Barongo et al., 2016
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