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In recent years, mathematical modeling has increasingly been used
to complement experimental and observational studies of biological
phenomena across different levels of organization (Chew et al.
2014). In this article, we consider the contribution of mathematical
models developed using a wide range of techniques and uses to
the study of plant virus disease epidemics. Our emphasis is on the
extent to which models have contributed to answering biological
questions and indeed raised questions related to the epidemiology
and ecology of plant viruses and the diseases caused. In some cases,
models have led to direct applications in disease control, but arguably
their impact is better judged through their influence in guiding re-
search direction and improving understanding across the characteris-
tic spatiotemporal scales of plant virus epidemics. We restrict this
article to plant virus diseases for reasons of length and to maintain
focus even though we recognize that modeling has played a major
and perhaps greater part in the epidemiology of other plant pathogen
taxa, including vector-borne bacteria and phytoplasmas.
Typically, many models have been based on techniques for relat-

ing plant virus disease dynamics to comprehensive data sets on abi-
otic variables (known or assumed to have some effect on the disease
cycle), and to datasets on biotic variables such as host plant growth
and development, crop loss, cropping practices, and vector biology.
Development and use of these models is characterized by the availabil-
ity of observational and experimental data obtained in crop popula-
tions and is often used to forecast or retrospectively analyze disease
dynamics. Techniques include regression,mixedmodel and generalized

linear model analyses, and multivariate and time series analyses
(Schabenberger and Pierce 2002).
Another type of model stems more from a conceptual model of

what drives disease dynamics, which is then put in mathematical
form and analyzed using standard mathematical or computational
techniques. These types of model, the main focus of this article,
are strategic in nature and not directly related to the immediate avail-
ability of relevant data, but serve a range of purposes and can subse-
quently be tested against data. These purposes include using models as
calculation tools; for example, to calculate temporal and spatial rates of
increase, derivation of epidemiological parameters that determine
whether or not an epidemic will develop from low levels of initial in-
fection, and in some cases, how to optimize from a range of disease
control options against a set target. In this article, we place emphasis
on howmodels can be developed and applied to analyze the likely suc-
cess of disease control measures involving host resistance, cultural
control (including roguing and exclusion through propagation meth-
ods), and vector control. This type of modeling approach can also
be used to identify which parameters are critical to disease dynamics
and control, to identify data gaps, and hence prioritize further research
effort. In this approach, the basic reproduction number R0 is a key ep-
idemiological parameter (Box 1) that has been studied for animal
diseases (Anguelov et al. 2012) and fungal plant diseases (van den
Bosch et al. 2008), but less so for vector-borne diseases of plants
(Shi et al. 2014; van den Bosch and Jeger 2017).
The basic reproduction number is a very flexible tool and can be

derived in a wide range of contexts: for discrete-time plant virus
models (Luo et al. 2015) as well as for better-studied continuous-time
models (Jeger et al. 1998; Madden et al. 2000b); and used to evaluate
virus disease control measures, e.g., when there is an impulsive or
intermittent roguing of diseased plants (Gao et al. 2015). In some
of these cases, a relatively high level of mathematical expertise is re-
quired. In other cases, the biological context is more intuitive. For
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example, a hybrid model including herbivore (consumer)-plant (re-
source) interaction in an epidemiological model, when the herbivore
also vectors a plant pathogen, was analyzed (Nakazawa et al. 2012).
The requirements for disease persistence depended on whether infec-
tion improves the plant nutritional quality and the herbivore feeds
preferentially on the infected resource.
Trends in plant virus epidemiology have recently been reviewed

by Jones (2014), including innovations in modeling that help to im-
prove the ability to predict plant virus epidemics and to assist in de-
livering advice to end users through decision support systems. In
general reviews of specific economically damaging virus diseases,
there is often no consideration of the contribution that modeling
can make to understanding epidemiology or to improve disease con-
trol. However, there is increasing recognition of the contribution
modeling canmakemore generally in meeting the challenges in plant
disease epidemiology (Cunniffe et al. 2015), including the specific
case of vector-borne diseases. In this article, we consider the contri-
bution that modeling has made in plant virus epidemiology, especially
where this has led to new experimental studies. More importantly, we
aim to identify key areas in which there are real opportunities for mod-
eling to assist in addressing some of the key questions currently being
addressed experimentally.

We aim to show how mathematical models of the various types
described above have been used in plant virus epidemiology and
identify areas in which there is a greater potential use in both under-
standing disease dynamics and using this understanding to underpin
disease control. We start with perhaps the longest-established area,
modeling abiotic and biotic relationships with disease dynamics, in-
cluding crop loss. The need to go beyond purely temporal descrip-
tions of disease progress is reflected in the trend to include spatial
spread into models. This has led to a broad understanding of disease
control options in general, and in particular the contribution that
models can make to the deployment of host resistance (Jeger et al.
2017). This can also be seen in particular in models of cultural dis-
ease control based on roguing or removal of diseased plants, some-
times combined with their replacement by healthy plants; and in
analyzing the influence of production systems on disease dynamics.
There is also an attempt to model the impact of viruses on plant pop-
ulation and community dynamics in relatively unmanaged ecosys-
tems, sometimes in an attempt to learn lessons that could be
applied to crop production systems. As noted earlier, much modeling
has been applied to what has been termed evolutionary epidemiol-
ogy, including recent developments in modeling virulence evolution.
An understanding of virus disease dynamics is incomplete without

BOX 1
The basic reproduction number, R0

The basic reproduction number, R0, is defined as the total number of infections arising from one newly infected individual introduced into a
healthy population. Phrased differently,R0 is the generation to generationmultiplication factor of the number of infections in a host population
when the incidence is very small. By very small, we mean that the density of infections is low enough that there is no pathogen-imposed
limitation to pathogen increase (i.e., that spores or other units of infection do not come in contact with previously formed infections). If we start
with I0 infections, each of these infections produces R0 new infections in the next generation, I1. This next generation is thus given by I1 =
R0I1. Each infection in generation 1 also produces R0 new infections in the following generation, I2, and we have I2 = R0I1 = R0R0I0 = R0

2I0.
Following this reasoning, the number of infections in generation n+1, In+1, is given by

In+1 =R0In (B1.1)

Or,

In = ðR0ÞnI0 (B1.2)

From these equations, it is clear that the basic reproduction number is a threshold parameter for epidemic development. WhenR0 < 1, the
number of infections decreases and the epidemic peters out, and whenR0 > 1, the number of infections increases and the epidemic takes
off. The value R0 = 1 is thus the threshold between the development of an epidemic and the disappearance of the infection from the
population.

For pathogens that are transmitted by a vector, we have to take two populations into account. The density of infected host plants in gen-
eration n is denoted by In, and the density of virus-carrying vectors by Yn. We denote byRIY the number of new infected hosts caused by one
virus-carrying vector during its entire infected life, and by RYI the number of new infected vectors resulting from one infected host during the
host’s entire infected life. The equations relating the densities of infected hosts and vectors in generation n+1 with those in generation n is
then given by

In+1 =RIYYn
Yn+1 =RYI In

(B1.3)

Solving this model (Edelstein-Keshet 1988), we find that in the long run

In = ðR0ÞnC1 (B1.4a)

Yn = ðR0ÞnC2 (B1.4b)

Where C1 and C2 are functions of I0 and Y0, and

R0 =
ffiffiffiffiffiffiffiffiffiffiffiffiffi
RIYRYI

p
(B1.5)

The RIY and RYI depend on the details of the infection biology of the system. If we, for example, consider the case shown in figure 5, we find
that (van den Bosch et al. 2006)

R0 =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a s

h

h +f 
dP

v+ t

s
(B1.6)

Where P is the total vector density. For more detail on the calculation of R0 in virus vector systems, we refer to van den Bosch et al. (2008,
2017).
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considering the role of the vector and its interactions with both the
virus and the host plant. We show how modeling can contribute to
an understanding of how transmission affects disease dynamics; that
vector dispersal, behavior, and host preference arises from the vector in-
teraction with the host; and the fitness effects that arise from virus-vector
interactions. Finally, we consider how the complexity of host-virus-
vector interactions interact with the biotic environment, specifically the
tritrophic interactions involving parasitoids and predators, has been
modeled.

Abiotic and Biotic Relationships
A general overview on the use of epidemiological models to fore-

cast plant virus epidemics, based largely on meteorological data, is
given by Jones et al. (2010), who identified the steps involved in
building a predictive model (Fig. 1). Such an approach can lead to
the development of decision support systems and was illustrated us-
ing eight case studies in different climatic regions of the world; for
example, risk maps for Cucumber mosaic virus (CMV)-lupin in
southwest Australia (Fig. 2). Weather-based decision support sys-
tems have been combined with extensive survey schemes and coor-
dinated diagnostic methods to model the onset of a range of wheat
virus diseases in the Great Plains region of the U.S.A. based on a spa-
tially structured degree-day model for wheat phenology (Burrows
et al. 2016). On a more localized scale, most models of environ-
mental impacts have been based on regression or similar empirical
statistical approaches, where comprehensive data sets on disease
measures, such as incidence, severity, or prevalence, are related to
weather variables relating to the different scales appropriate to the
disease measures. Similar approaches have been used to predict vec-
tor population levels, such as the planthopper Delphacodes kuscheli,
vector of Mal de Rio Cuarto virus of maize, in Argentina (Ornaghi
et al. 2011). Wind direction and speed can be critical in providing a
source of viruliferous vectors as found for Bemisia tabaci in relation
to a cassava crop (Colvin et al. 1998). In some cases, prediction of
virus disease incidence is made directly from the density of different
vector species over time (Raccah et al. 1988).
At larger scales, events such as the El Niño-Southern Oscillation

have been associated with years of high or low disease incidence
and severity (Chappell et al. 2013; Culbreath and Srinivasan
2011). The potential distributions of virus vectors have been pro-
posed based on Climex mapping (Berzitis et al. 2014; Boag et al.
1997). The species distribution model MaxENT was used to predict
the potential impact of Avocado sunblotch viroid in Mexico (Vallejo-
Pérez et al. 2017). The applicability of CLIMEX and other species dis-
tribution models to species range expansions has been reviewed
by Bebber (2015), but with few case studies considered for plant
viruses. This approach to modeling the impact of plant virus diseases
at regional and global scales is ripe for further development and
application.
Many examples can be found in the literature where there is a care-

ful analysis and epidemiological interpretation of factors affecting
the vector, virus, and the host as a tripartite interaction. Factors asso-
ciated with the incidence of Tomato spotted wilt virus (TSWV) on
tobacco transmitted by thrips were modeled by considering aspects
of thrips and plant biology as functions of weather (Chappell et al.
2013). Disease incidence during the summer months was influenced
by weather factors affecting thrips activity during the previous year
when a virus reservoir was established in the plants. Spring rainfall
and earlier weather then interacted with virus abundance and trans-
mission intensity to affect disease incidence. Similar findings were
found with three major virus diseases of maize: Maize streak virus,
Maize stripe virus, and Maize mosaic virus (Reynaud et al. 2009).
Vector numbers were positively correlated with disease incidence
for all three diseases and both were closely associated with temper-
ature variations, less so with rainfall and relative humidity. In early
work, Madden et al. (1983) used discriminant analysis to accurately
predict the risk ofMaize dwarf mosaic virus based on overwintering
and early spring environmental conditions. Temperature in the spring
months was found to be the main factor associated with the severity
of two viruses of melon using multivariate analysis of disease

progress curves (Alonso-Prados et al. 2003). Population dynamics
of western flower thrips was observed over a 4-year period in Re-
union Island using sticky traps and related to climatic data (Boissot
et al. 1998). Population variation was associated with temperature
variation with marked increases above a threshold. However, be-
cause heavy rainfall provided conditions favorable to entomopatho-
gens, this caused population declines before the maximum mean
temperature was reached; this is an example of a tritrophic interaction
arising through an environmental effect.
In some cases, a more structured approach to modeling the effects

of environmental factors has been followed. Epidemics of banana
bunchy top disease were modeled using a compartmental susceptible-
exposed-infectious-removed (SEIR) model (Fig. 3), together with
the population dynamics of the vector Pentalonia nigronervosa as
discussed in later sections. The effect of temperature on the model
parameters were incorporated into simulations (Raymundo and
Pangga 2011). Small increases of 1 to 2°C in average monthly tem-
perature over years 1998 to 2007 would have reduced the rates of in-
crease in viruliferous vectors and disease incidence, and delayed
disease onset. Such studies illustrate the value of modeling in predict-
ing the impact of climate changes on vectored plant virus diseases
(Canto et al. 2009).

Spatiotemporal Analysis of Epidemics
Spatial analysis of disease patterns, including those of virus in-

fected plants, has a long history. Spatial analysis can highlight the
contrast in disease pattern where different vectors are responsible
for transmission, e.g., in lettuce with fungal transmission of lettuce
big vein disease from soil compared with aphid transmission of Let-
tuce necrotic yellows virus from external sources (Coutts et al. 2004).
Increasingly, it has been appreciated that spatial patterns arise from
the temporal progress of disease and that the spatial arrangement of
disease foci contribute to subsequent disease spread (Madden et al.
2007, chapter 9). Spatial disease patterns associated with cassava
mosaic disease (CMD) in Rwanda and Burundi were analyzed using
geostatistical modeling, such as semivariogram analysis (Madden
et al. 2007, chapter 9) to interpolate disease intensity between sampling
points (Bouwmeester et al. 2012). In plant populations, the threshold
for an epidemic (Box 1) to occur may depend on the host distribution
in relation to pathogen dispersal, as well as host density (Brown and
Bolker 2004). In a model designed to relate the non-linear interac-
tions between plant host availability and begomovirus adaptability
to different host species (Jabłońska-Sabuka et al. 2015), spatial diffu-
sion was included over neighboring regions. However, the vector was
assumed to be ubiquitous. The spatial pattern of tomato plants infected
with Tomato mottle virus and its vector B. tabaci was monitored in a
large number of experimental plots at different locations over two years
(Polston et al. 1996). There were numerous small clusters of symptom-
atic plants prior to harvest, but no observed relationship between disease
aggregation and incidence. However, as demonstrated by Turechek and
Madden (1999) and others, for other pathosystems, indices of spatial
aggregation are often estimated imprecisely, so it is difficult to show
a relationship between incidence and the degree of aggregation that
is truly there. Based on the results of fitting the binary power law to
aggregation data for a diversity of pathosystems, including some virus-
plant systems, small-scale aggregation does typically change with
changing incidence. Dispersion patterns of the vector were variable
for tomato mottle disease epidemics (Polston et al. 1996), but it
appeared that immigrant viruliferous vectors were the main driver of
epidemics, although frequent insecticide applications were made in
these plots.
Gibson (1997), following the earlier study of Gottwald et al.

(1996) on the spatiotemporal development of Citrus tristeza virus,
developed a stochastic model to characterize the joint infection
processes, that is, infections resulting from previously infected indi-
viduals in the same epidemic (contagion; secondary infections), and
infections arising from inoculum (presumably as viruliferous vec-
tors) arising from other locations such as weeds or other fields of
the same crop (primary infections). The model is explicitly spatio-
temporal, using spatial patterns of diseased individuals at two or
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more times to determine the rates for the two processes that best pro-
duce the patterns at each time. There was no explicit consideration of
the vector in themodel. The contagion processwas explicitly dependent
on the distance between healthy and infected individuals. Pethybridge
and Madden (2003) used the same model for virus epidemics of hops.
For three viruses of hops (Pethybridge and Madden 2003), there was a
mixture of local spread due to mechanical transmission by cultural op-
erations and subsequent secondary spread by vectors where these were
present. The importance of secondary and primary infection varied for a
given virus among locations.
In a wide ranging review of epidemiological models, Gilligan and

van den Bosch (2008) discussed how methods for controlling the
spread of Rhizomania on sugar beet could be done by matching
the scale of control with the spatial and temporal scales of the disease.
Spatial as well as temporal spread of virus disease can be affected by
cropping practices such as intercropping. When cassava was inter-
cropped with cowpea, temporal rates of increase of CMDwere lower
than in cassava grown alone, and disease foci were more compact in

the intercrop (Fondong et al. 2002).When a disease epidemic is expand-
ing over a large spatial scale, as was found with ACMD in East Africa
(Legg and Thresh 2000; Otim-Nape and Thresh 1998), analysis of the
disease front has provided valuable information on the role of diseased
cuttings and whitefly numbers in expansion and the likely success of
control measures (Legg and Ogwal 1998). In this study, there was a
clear trend in whitefly numbers, with numbers in northern regions
of Uganda significantly greater than in southern regions (Table 1).
The expansion of the epidemic front during the course of the study
was considered a consequence of the larger vector populations.
The spatial pattern of cacao swollen shoot disease was monitored in

Togo, following removal of diseased cacao plots and replanting with
less susceptible cacao (Oro et al. 2012). Re-emergence of the disease
within the plots occurred in foci in a highly aggregated pattern. Disease
progress was highly dependent on the disease incidence in the first year
after replanting. This situation was highly predictable from the earlier
modeling study of Jeger and Thresh (1993), where the rate of reinfec-
tions was reduced by the use of a cordon-sanitaire around the new

Fig. 1. Steps involved in development of an epidemiological model for plant viruses aimed at prediction of disease dynamics based on meteorological data (Fig. 3 in Jones et al. 2010;
reproduced with permission from the Annual Review of Phytopathology, Volume 48 © 2010 by Annual Reviews, http://www.annualreviews.org).
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plantings. However, replanting with the less-susceptible varieties was
found to be crucial in restricting the extent of re-emergence in foci.

Disease Control
General. In some cases, the modeling of environmental effects on

plant virus epidemics has been extended to consideration of disease
control measures and their likely effectiveness. Spatial and temporal
patterns of virus diseases have often been described for major disease
epidemics such as those affecting cassava. A comparison was made

of the CMD and cassava brown streak disease (CBSD) pandemics,
both vectored by B. tabaci in East Africa (Legg et al. 2011). Differ-
ent patterns of symptom expression mean that the effectiveness of
phytosanitary measures would differ: measures for CMD (foliar
symptoms, readily observable before harvest) would be easily imple-
mented but would be limited in effectiveness mainly because of the
ease with which disease-free plantings are infected from external
sources of inoculum; whereas those for CBSD (restricted to root
symptoms, observable only after harvest), although effective, would

Fig. 2. Risk maps generated for the years 2007 (top row) and 2008 (bottom row) for Cucumber mosaic virus on lupin based on a decision support system: (A, D), (B, E), and (C, F)
represent best case (10% percentile), most likely (50% percentile), and worst case (90% percentile) outcomes respectively. Color coding ranges from <10% (white) to 100% (black)
in 10% intervals (Fig. 5 in Jones et al. 2010; reproduced with permission from the Annual Review of Phytopathology, Volume 48 © 2010 by Annual Reviews, http://www.
annualreviews.org).

Fig. 3. Schematic of an SEIR model for a plant virus epidemic linked with a vector population model (modified from Fig. 2 in Madden et al. 2000b). Virus acquisition occurs when
nonviruliferous vector probe/feed on infectious plants; virus inoculation occurs when viruliferous vectors probe/feed on healthy plants. See Box 2 for a description of the plant
categories and Madden et al. (2000b) for a summary specification of the model parameters describing the transitions from the categories.
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be difficult to implement. The temporal relationship between the
abundance of the vector with disease incidence highlighted the
role of the vector for both diseases and the urgent need to implement
control strategies for the vector. A Gompertz model (chapter 4 in
Madden et al. 2007) was used to describe epidemics of CMD inWest
Africa (Fargette et al. 1994), with some 70% of the variation in dis-
ease dynamics related to changes in whitefly numbers together with
fluctuations in temperature and radiation. A range of control options
has been used against CMD in sub-Saharan Africa with most empha-
sis on the development and deployment of virus-resistant varieties
and little on sanitation measures such as roguing or use of cultural
measures such as intercropping (Thresh and Cooter 2005). Large
scale screening of cassava for resistance to B. tabaci has emphasized
the levels of whitefly infestation and preferential whitefly visitation
at different locations in Nigeria (Ariyo et al. 2005).
Identification of latently diseased plants is a key issue for effective

control. As noted by Rimbaud et al. (2015a), there is often confusion
between what is meant by the incubation and latent periods, and any
lack of synchrony between the two periods can affect epidemic

dynamics and disease control strategies. This may be critical for vec-
tor-borne virus diseases, although for Sharka disease of peach,
caused by Plum pox virus (PPV), the periods were effectively syn-
chronous. These authors also reviewed worldwide experiences in
Sharka control using virus-free planting material, varietal improve-
ment, surveillance and removal of diseased trees, and statistical mod-
eling to obtain insight into management strategies (Rimbaud et al.
2015b); insights that may be of general relevance for virus disease
in perennial crops.
Modeling of control interventions using more structured epide-

miological models and their short-term consequences have been
reviewed by Jeger et al. (2004) and from an evolutionary perspective
by van den Bosch et al. (2007), where the longer term impacts of host
resistance, cultural practices, and in vitro propagation methods were
evaluated (Fig. 4). In vitro propagation, use of diagnostics, and some
breeding methods carry a risk of control breakdown due to selection
of virus strains that build up a high titer within plants. Roguing as a
cultural control measure in vegetatively propagated crops has a low
risk of failure due to reducing titer build up and increasing healthy

BOX 2
The SEIR compartmental model for disease dynamics

In an SEIR model, the host population is considered as being composed of compartments. The components are non-overlapping host
categories according to their infection status of susceptible (and healthy), exposed (infected but with the vector not yet able to acquire the
virus), infectious (infected, with possible acquisition by the vector), and removed (postinfectious; the vector can no longer acquire the virus).
The SEIR model can be represented as a transition model in which the host population moves from one host category to the next:

S→E→I→R

The rate of change in in each category is given by a differential equation (although a discrete time formulation is also possible). The “flows”
from each category are given by rate parameters usually assumed to be exponentially distributed, an assumption that can be questioned.
Other parameters can include birth and death parameters affecting some or all of the categories, and rates of immigration and emigration.
The basic model can be simplified by assuming that for some viruses, the period that an infected plant remains in the exposed category can
be very short and hence the model reduces to three differential equation; or that there is no removed category, with the infectious plant
“losing” the virus and returning to being again susceptible to further infection.

The first SEIRmodel proposed for plant virus diseases was Chan and Jeger (1994), and was used to derive anR0 expression. This was then
used to evaluate the likely success of roguing as a control option for four virus diseases of perennial fruit trees. Therewas no consideration of
the vector involved in transmission of the viruses. Subsequently, we expanded the basic SEIR model to include a compartmental model for
the vector population, where vector can be nonviruliferous (not carrying the virus, but able to acquire virus from an infectious plant),
noninoculative (carrying the virus but not yet able to inoculate a healthy plant), or viruliferous and inoculative (carrying the virus and able to
inoculate a healthy plant). This is the representation shown in Figure 3. In Jeger et al. (1998) andMadden et al. (2000b), the symbols used for
the successive host plant categories were H, L, S, and R, but the underlying model remains the same.

A problemwith compartmental models, including SEIRmodels, is estimating parameters from observational data. There are some examples
in the plant virus literature. Madden et al. (1987a) estimated the parameter values for the Lotka-Volterra competition equations from field
data on two tobacco viruses. A worked example was included inMadden et al. (2007; section 6.6.2) for field data on Tobacco etch virus using
the MODEL procedure of SAS but including separately assumed values for some of the parameters. Simultaneous estimation of all pa-
rameters in a compartmental model is problematic, especially where the number of data points is limited and as the numbers of model
equations increases. Advances in statistical and computational techniques should help to meet this challenge in the future.

Table 1.Mean adult whitefly counts on the undersides of the top five leaves of 30 cassava plants in 10 farmers’ plantings within a 1-km radius of localities
at successive distances north from Kampala (central transect) and Tororo (eastern transect); data taken from Table 2 in Legg and Ogwal (1998). Counts
followed by the same letter in a column do not differ significantly at P = 0.05 (Mann-Whitney statistic).

Central transect Eastern transect

Distance from Kampala Mean whitefly numbers Distance from Tororo Mean whitefly numbers

0 0.8 a 0 0.4 ab
20 0.6 a 10 0.3 a
40 0.6 a 20 0.3 a
60 1.5 ab 30 0.4 a
80 2.5 c 40 0.7 c
100 3.7 c 50 0.5 bc
120 1.6 bc 60 0.4 abc
140 2.2 bc 70 1.2 d
160 2.0 bc 80 0.9 cd
180 1.4 bc 90 1.1 d
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plant density. Methods of cultural control have also been modeled and
evaluated in relation to economic threshold theory (Zhao andXiao 2015).
Host resistance. Host resistance has been the preferred approach

to virus disease control whenever resistant genotypes are available.
Knowledge of natural virus resistance genes was reviewed by Maule
et al. (2007). Models have been used in a range of contexts to eval-
uate field evaluation, analyze resistance deployment strategies, and
predict the likely durability of resistance given the mechanisms in-
volved (van den Bosch et al. 2008) (Fig. 5). Resistance that reduces
virus acquisition by the vector and reduced inoculation of the host
plant do not select for virus evolution to a higher multiplication rate
within the host plant. Resistance that reduces within-plant virus titer
or reduces symptom development does select for a higher multipli-
cation rate.
On-farm field trials in different agro-ecological zones are standard

practice in cultivar evaluation. Assessment techniques using the area
under disease progress curve (AUDPC) combined with vector pop-
ulation numbers gave information on the relationship between culti-
var resistance and the relationship between CMD incidence and
whitefly numbers (Otim-Nape et al. 1998). A simulation model
was used to investigate the interaction of host resistance and phyto-
sanitation (cutting selection) in CMD (Fargette and Vié 1995).
When resistance was accompanied by the phenomenon of reversion
(healthy cuttings derived from diseased plants), equilibrium was
reached in which new infections by vectors were balanced by “es-
capes” through reversion or cutting selection (Fig. 6). Physical and
biochemical traits can reduce the landing, settling, and probing of in-
sect vector of plant viruses, as found for B. tabaci, the vector of To-
mato yellow leaf curl virus (TYLCV) (Rodrı́guez-López et al. 2011).
The virus is restricted to the phloem and transmitted in a persistent
manner by the whitefly, so the reduced ability to reach the phloem
may prevent spread of the disease within the crop. Resistance in soy-
bean to feeding by the leaf beetle vector Cerotoma trifurcatawas not
sufficient to reduce the incidence and spread of Bean pod mottle virus
(Redinbaugh et al. 2010). Viruses are known to adapt to qualitative
monogenic (R gene) resistances, but the evidence for adaptation to
quantitative polygenic resistance has been less well documented
(Montarry et al. 2012). In a study on Potato virus Y (PVY) and
two pepper genotypes, experimental evolution showed that quantita-
tive resistance breakdown can occur and is not necessarily durable.
The case has been made for pyramiding viral resistance genes rather
than relying on single resistance genes where there is frequent

recombination, as in begomoviruses (Prasanna et al. 2015). There
may also be fitness costs associated with resistance; for example, a
tobacco cultivar resistant to PVY showed increased sensitivity to
elevated ozone compared with a susceptible cultivar (Ye et al. 2012).
On the other hand, in the same system, plants grown under elevated
CO2 appeared to reduce virus resistance costs (Ye et al. 2010). Themod-
eling of durable resistance and fitness costs is taken up in later sections of
this review.
Tolerance to plant viruses is often referred to in plant breeding and

crop improvement programs, but often without adequate definition or
distinction made from resistance. According to Buddenhagen (1983),
a plant is tolerant “to some degree” if it suffers less damage (e.g.,
symptoms) than other plants when infected by a systemic pathogen
such as a virus. More recently, Seal et al. (2006) noted that many “re-
sistant” plant cultivars grown are tolerant in the sense that they ex-
press less conspicuous symptoms but have the same virus content
as “sensitive” cultivars. Thus the dangers in deploying tolerant cul-
tivars in this sense is that high yield losses may result if toler-
ance breaks down and these cultivars provide a virus reservoir.
Epidemiological models incorporating tolerance to viruses as a host
plant category have not been proposed, although on evolutionary
time scales, tolerance may lead to selection of virus strains that lead
to greater virus accumulation in the host (van den Bosch et al. 2006).
For natural plant communities, tolerance has been interpreted as the plant
accommodating a virus without affecting plant fitness (Alexander et al.
2017; Cronin et al. 2014), where fitness is assessed using a range of life-
history modeling techniques.
Roguing. Roguing as a method of cultural control, sometimes

combined with replanting of healthy material, has often been advo-
cated in field practices and temporal models have been proposed to
evaluate whether eradication is feasible (Chan and Jeger 1994). How-
ever, as noted above, spatial aspects may be an important element in
evaluating the practicality and effectiveness of roguing at different
levels. In general, much of the modeling work has been theoretical
in an attempt to determine what needs to be done to achieve a given
level of disease control; this is similar to the theoretical work in hu-
man epidemiology related to the percent of the susceptible popula-
tion that must be immunized in order to prevent an epidemic.
Advanced mathematical modeling of generic roguing/replanting
strategies for plant diseases has been done by Luo et al. (2015)
and van den Bosch and de Roos (1996). Gao et al. (2015) used a
model to evaluate the effects of control measures when roguing

Fig. 4. Schematic showing the model structure for virus disease dynamics in vegetatively propagated crops, either though cuttings or through in vitro methods (Fig. 1 in van den
Bosch et al. 2007, copyright The Royal Society). Variables S and I represent healthy and infectious plants, respectively; see van den Bosch et al. (2007) for specification of model
parameters.

Plant Disease /May 2018 843



and replanting were practiced. With high infection rates, it may not
be possible to eradicate the disease, and increasing replanting rates
from relatively small values may be counterproductive in control
(Fig. 7). These authors also showed that previous models that mod-
eled roguing as a continuous activity may overestimate the infection
risk compared with the more realistic intermittent roguing. This ap-
plies to the estimates used for continuous roguing in Jeger et al.
(2004) which, as pointed out by Cunniffe et al. (2014), were overes-
timated. Spatially explicit simulation models were used to evaluate
different management approaches to roguing and replacement as a
means of disease suppression (Sisterson and Stenger 2013). Efficient
replacement of infected plants and a high level of compliance among

farmers in a crop-growing region were found necessary to reduce
both disease spread and ultimately the need for replacements. Results
in terms of yield depended on whether infected plants produced us-
able yields.
The potential of roguing in annual crops has rarely been consid-

ered. A model of rice tungro virus disease was developed, by making
assumptions of virus transmission rates, vector population dynamics,
and the probability of dispersal (Holt and Chancellor 1996). With
high or medium disease incidence, roguing was relatively ineffective.
With low disease incidence, roguing was inconsequential. The rea-
sons the authors give for the apparent failure of roguing was that with
realistic times to symptom development, there is a significant period
during which infected rice plants can act as virus sources prior to their
removal, and hence secondary spread by vectors is not effectively
constrained by roguing.
There are also examples of where modeling has contributed for spe-

cific plant virus diseases. An economic analysis of control strategies
for grapevine leaf roll disease based on roguing and replanting was
made by Atallah et al. (2015). A spatial diffusion model was linked
with a bio-economic model to evaluate spatial and nonspatial control
measures and ranked according to expected net economic values. Tar-
geted spatial measures based on roguing of symptomatic vines and
replanting, coupled with testing nearest neighbors and then roguing
and replanting if the test was positive, were better than nonspatial mea-
sures based only on symptomatic vines, and increased the expected net
present value by 18 to 19% compared with the strategy no disease con-
trol. Factors affecting the spread of an aggressive strain of PPV in
peach orchards in southern France were analyzed where orchards
were subjected to regular inspection and removal of symptomatic trees
(Dallot et al. 2004). An extensive list of variables was included in a
model to determine those most important in determining the risk of

Fig. 6. Relationship between (left) final disease incidence after 10 crop cycles and (right) yield losses, in relation to reversion rate (% healthy cuttings derived from infected plants) in
a semidiscrete-time model of African cassava mosaic disease dynamics (Figs. 7 and 8 in Fargette and Vié 1995, republished with permission of the Americal Phytopathological
Society). Symbols represent different cutting selection ratios (healthy/infected) and rates of secondary spread; see Fargette and Vié (1995) for specification of model parameters
and values.

Fig. 5. Schematic showing the hierarchical model structure for virus disease dynamics
with (A) between-plant vector transmission and (B) within-plant virus multiplication
(Fig. 1 in van den Bosch et al. 2006, copyright Rothamsted Research). Variables
H and I represent healthy and infectious plants respectively, U and V represent
uninfected and infected plant cells respectively, and W the density of virions within
plant cells; see van den Bosch et al. (2006) for specification of model parameters.

Fig. 7. Graph showing the sensitivity of the basic reproduction number R0 to the
average replanting rate r0, where the average is calculated from a trigonometric
parameter function for replanting rate representing a periodic environment (Fig. 6 in
Gao et al. 2015, with permission from John Wiley and Sons).
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a tree becoming infected during the period of spread. Plum pox infec-
tions originated from external virus sources, the transition from latent
infections to infectious trees, as well as from lack of detection of in-
fectious trees and/or delayed roguing. Annual removal of symptomatic
trees slowed the rate of increase of the disease but did not achieve com-
plete eradication. Smith et al. (1998) linked a temporal model of dis-
ease increase with disease gradients reflecting the reduction of Banana
bunchy top disease with distance from the periphery of a banana plan-
tation (reflecting the importance of external virus inoculum) to inves-
tigate roguing and replanting strategies. Variable roguing rates based
on spatial considerations gave small improvements over nonspatial
constant rates, but too much emphasis on the periphery could lead to
a major increase of disease in the plantation (Fig. 8).
Production systems. Plant production systems come in many

forms that can affect disease progress. These include the crop cycle,
whether annual or perennial; linked multiplication and production
sites; protected versus field production; variety mixtures, intercrop-
ping, and multiple cropping; planting date; and field separation.
Mathematical models have been developed as a means of analyzing
key factors relating to plant virus epidemics, despite questioning
(Döring 2011) whether models will ever sufficiently capture the com-
plexity of virus-vector-host-environment-production system interac-
tions to enable the singling out of key factors.
The temporal and spatial scales of plant virus epidemics in an-

nual and perennial cropping systems differ substantially. For annual
production cycles, the presence of relatively few vectors at the begin-
ning of the cycle decreases subsequent disease spread. Viteri and
Gordillo (2009), using a differential equation model for nonpersistent
virus transmission, showed the importance of these early events
but also gave approximations to disease incidences in subsequent
plantings.
Often, especially in tropical developing countries, farmers may be

faced with whether to use diseased or disease-free planting material
from the previous year’s harvest. Such a situation was modeled by
Holt et al. (1997) for Cassava mosaic virus, based on the assumption
that the choice of material was based on the relative frequency of
healthy cuttings. The supply of disease-free planting material from
a multiplication site to growers as a means of controlling cassava
brown streak disease in East Africa was investigated using mathe-
matical modeling (McQuaid et al. 2016). As a result of the modeling,
it was recommended that multiplication sites be established only
where disease pressure and vector populations are low but that vari-
eties showing strong foliar symptoms are to be preferred to allow for
effective roguing. For a linked plantation-nursery system, where dis-
eased trees in the plantation are replaced by healthy plants from the
nursery, the long term effects on disease in the plantation were exam-
ined by Gani and Stals (2004, 2005) using a stochastic (Markov

Chain) approach. A similar example was used by van den Bosch
et al. (2008) to illustrate the challenges in deriving an expression
for the basic reproduction number, R0, for vectored plant diseases
in a linked nursery-plantation production system. Recently, models in-
cluding true seed (Hilker et al. 2017) and planting material (Thomas
Sharma et al. 2017) transmission have determined the long-term con-
sequences for plant virus epidemics.
Protected cultivation systems offer many advantages over field

systems for providing physical protection of crops against virus vec-
tors. Monomolecular and Gompertz functions (chapter 4 in Madden
et al. 2007) were used to describe the development of Tomato chlo-
rosis virus and TYLCV in greenhouse and net houses of varying
quality (Velasco et al. 2008). Control of both diseases was only
achieved under high quality coverings. Insect-screening barriers
were constructed to prevent the entry of B. tabaci into tomato plots
(Holt et al. 2008). A mathematical model was fitted to data on symp-
toms of TYLCV and Potato yellow mosaic virus in the treated (with
barriers) and control (without) plots. It was estimated that the barriers
reduced vector entry by about 12-fold, but that those that entered
were retained to a greater extent than in those without barriers. In
some circumstances, after an initial delay, there can be more rapid
increase within barriers once the vector population is established.
The effectiveness of mixtures of resistant and susceptible cultivars

in production systems across different scales was emphasized by
Fabre et al. (2012). Virus epidemics were modeled in a landscape
consisting of a mosaic of susceptible and resistant fields where there
was seasonality and a year-round reservoir of virus. Results showed
that the optimal strategy for landscape deployment of resistance in-
clude both mixtures of susceptible and resistant cultivars and a single
pure cultivar strategy depending on resistance characteristics, epi-
demic incidence, and landscape connectivity. Intercropping can re-
duce the temporal rate of progress of a virus disease and affect its
spatial pattern of development (Fondong et al. 2002). Intercropping
tomato with several other crop species was investigated in an at-
tempt to reduce or delay outbreaks of Tomato leaf curl virus (TLCV)
(Fargalla et al. 2011). The lowest percentage of TYLCV was found
on intercropping with cucumber where the highest densities of adult
stages were found.

Plant Population and Community Dynamics
Natural plant populations and communities offer a higher level of

complexity than crop populations. The value of structured popula-
tion models of plants and the environmental drivers (biotic and abi-
otic) that drive plant demography has been reviewed (Ehrlén et al.
2016), including reciprocal feedback between plants and their biotic
drivers. There is often a dynamic interface between agricultural land-
scapes and natural or relatively unmanaged ones. At this interface,

Fig. 8. (Left) Observed (circles) and fitted numbers (trigonometric regression) of Banana bunchy top diseased plants rogued per month over the years 1983 to 1996 (Fig. 2 in Smith
et al. 1998); and (right) effect of roguing regimes with different gradients of emphasis on outer versus inner regions of plantation on the slope of the disease progress curve (Fig. 7 in
Smith et al. 1998, copyright BSPP with permission from JohnWiley and Sons). With heavier emphasis on the outer regions (0.017 and 0.018), although there was an initial decrease
in disease dynamics compared with no emphasis (0), there was a subsequent and marked increase in the rate as secondary spread began to dominate in the plantation. See Smith
et al. (1998) for specification of the underlying discrete-time SEIR-type model and its spatial representation.
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crop relics, weed plants, endemic plant communities, and sometimes
invasive exotic plants may be present, providing opportunities for
virus transmission by vectors, sometimes in novel combinations
(Alexander et al. 2014). Quantitative evaluation of such interaction
can provide valuable insights into crop performance and disease
ecology. Plasticity of life history traits can be noted in wild plant pop-
ulations. Tolerance to virus infection and the direct (due to infection)
and indirect (due to changes in competitive ability) fitness costs were
studied in the natural Arabidopsis thaliana/CMV system (Pagán
et al. 2008, 2009). The combined effects of host density and virus
infection modulate the competitive ability of the host plant and need
to be taken into account when considering coevolutionary processes
and incorporated into modeling approaches.
Extensive research has been carried out on Barley yellow dwarf

virus (BYDV) and Cereal yellow dwarf virus (CYDV) affecting na-
tive grasslands along the Pacific Northwest coast of the U.S.A.
(Borer et al. 2009; Power et al. 2011). Evidence has suggested that
infection by viruses has facilitated the invasion of European annual
grasses. Overall, it was concluded that patterns of virus incidence
were strongly influenced by the interaction of both biotic and abiotic
factors, as in the interaction found with BYDV in wheat in south-
western Australia (Thackray et al. 2009). The B/CYDV system
has been modeled (Moore et al. 2011) to determine the extent to
which the system can persist locally or in a patch framework where
there are interactions between native perennials and annual invaders.
In some cases, the viruses may facilitate the invasion of the non-native
species. Under new encounter scenarios, indigenous viruses from iso-
lated indigenous plant populations can spread to an introduced crop
species (Webster et al. 2007) and such systems may also be amenable
to epidemiological modeling.

Evolutionary Epidemiology
Linking a population dynamic approach with an evolutionary per-

spective has been seen as an important development in virus epide-
miology over the last decade. It has provided new insights into the
factors governing virus emergence, the evolution of virulence, and
the scaling up from within-plant processes and interactions to virus
epidemics. Modeling, in conjunction with experimental studies, can
serve to link epidemiological/ecological with evolutionary time
scales, although the challenges are many.
Virus emergence. Novel virus-vector-crop-environment interac-

tions often arise from major agricultural innovations and may lead
to emergence of new viruses or virulent strains (Fargette et al.
2006). Major amplifications of epidemics associated with novel virus
recombinants and vector genotype clusters have occurred as found
with CMD in East Africa (Legg and Thresh 2000; Legg et al. 2002,
2011). The use of TYLCV resistance in tomato crops may have con-
tributed to its emergence in mixed populations of TYLCV-associated
viruses (Garcı́a-Andrés et al. 2009). Crop introductions and founder
virus populations may be important in subsequent epidemic spread.
Impatiens necrotic spot virus causes major damage to glasshouse-
grown ornamental plant in Japan. Genetic analyses of isolates were
made to elucidate how the virus invaded and spread within a local area
(Nekoduka et al. 2015). Phylogenetic analyses showed that isolates
clustered with isolates from elsewhere in Japan and other countries,
but that host species did not influence genetic structure. It was con-
cluded that founder populations were introduced individually from
other regions and then spread locally.
Virus emergence starts with the transmission of genetic variants

from a preexisting reservoir, a stochastic process. The subsequent
fate of these variants depends upon fitness on the new host, adapta-
tion to that host and vector, and the efficiency of subsequent spread in
the host population (Elena et al. 2014). Virus emergence is condi-
tional on a reservoir of the pathogen being available to invade a crop
population. The hypothesis is that short-lived hosts, because of less
investment in costly defenses, will act as effective reservoirs, main-
taining larger vector populations that serve as a source of inoculum
for longer lived plants (Hily et al. 2014). Using a model, it was con-
cluded that within-species genetic diversity for plant lifespan and de-
fenses would lead to a polymorphism for virus reservoir potential and

hence the dynamics of virus emergence. A major element in con-
sidering the evolution and emergence of plant viruses has been
hypothesized fitness trade-offs on new hosts or host genotypes. Garcı́a-
Arenal and Fraile (2013) reviewed the evidence for predictions based
on this hypothesis. Evidence can be found for across species trade-
offs involving host adaptation, but the evidence for across host trade-
offs is stronger; for example, overcoming dominant resistance is
linked to severe fitness costs in virus genotypes. The (“scanty”) ev-
idence supporting plant-virus coevolution is reviewed by Fraile and
Garcı́a-Arenal (2010).
Virulence evolution. The evolution of virulence and pathogenic-

ity is another topic that has raised the interest of modelers (Sacristán
and Garcı́a-Arenal 2008). Quantitative evaluation of the evolutionary
mechanisms for plant viruses appear similar to those measured for
animal viruses (Desbiez et al. 2011). Information on the genetic di-
versity and evolutionary history of plant viruses is critical for under-
standing their epidemiology (Kaye et al. 2011) and for anticipating
future evolutionary change, including virulence. High rates of mutation
contribute to the rapid evolution of geminivirus genomes in plants, but
reversion and second site mutations can also occur (Arguello-
Astorga et al. 2007). Virulence evolution of a generalist plant virus
that infects multiple hosts was modeled for CMV (Betancourt et al.
2013). Two hosts were considered in which CMV genotypes differed
for within-host multiplication and virulence. The virus moved from
plant to plant and mixed infections were allowed. An asymmetry in
virulence evolution was found dependent on the host suitability; evo-
lutionary trajectories differed at low and high vector densities. There
was no evidence for trade-offs between CMV life-history traits.
The relationship between vertical transmission and horizontal trans-

mission in relation to virulence has been investigated theoretically
(Hamelin et al. 2016; references in Pagán et al. 2014), but experimental
evidence has rarely been sought for plant viruses. Pagán et al. (2014)
quantified seed transmission of CMV in A. thaliana over five serial
passages. Serial passaging led to greater adaptation to seed transmis-
sion, with increased rates but reduced virus accumulation and virulence.
Horizontal transmission did not significantly affect virus accumulation
or virulence. There was also host adaptation during seed transmission
that was traded off against reduced resistance to non-evolved viruses.
Mutualistic as opposed to parasitic plant-virus symbioses are pro-
posed by Bao and Roossinck (2013) based on host reproduction
rate and environmental capacity. Mutualism described by modified
Lotka-Volterra equations may reach stable equilibria and is sup-
ported by observed examples. At this point in time, there is no equiv-
alent to the transmission-virulence terminology and debate when
mutualistic rather than parasitic associations are considered (Hamelin
et al. 2017; Hily et al. 2016).
Within-plant dynamics. A few attempts have been made to

model virus dynamics and interactions within plants and how these
affect subsequent transmission by vectors and hence dynamics of dis-
ease (Jeger et al. 2011b; van den Bosch et al. 2006). Much evidence
has now been obtained on plant dynamics and localization of viruses
within host cells and how virus titer in plants is related to virus
acquisition by vectors, e.g., for Southern rice black-streaked dwarf
virus (SRBSDV) and the planthopper vector Sogatella furcifera
(Matsukura et al. 2013).
Interactions between viruses within host plants have been modeled

for synergism (Zhang et al. 2001), cross protection (Zhang and Holt
2001), and the role of helper-dependent virus complexes in transmis-
sion (Zhang et al. 2000a). The parameters used to describe the within-
host interactions were implicit rather than explicitly representing
their dynamics. One of the few models that integrates within- and
between-host dynamics as a means of identifying the key determinants
of resistance durability was developed by Fabre et al. (2009). Global
sensitivity analysis allowed the ranking of genetic and epidemiolog-
ical parameters of the model according to the mean and variance of
the estimated risk of resistance breakdown.

The Vector Component
Transmission. Transmission is the key epidemiological process

that links all three components of the tripartite virus-vector-plant

846 Plant Disease /Vol. 102 No. 5



interaction. Even though seed transmission is well known for many
plant viruses and even for some unsuspected plant-virus combina-
tions (Kim et al. 2015), virus diseases that are both seed- and vector-
transmitted are often the most significant virus diseases of a crop
(Moreno and Fereres 2012). In comparison with vector transmission,
little is known about the transmission efficiency for those viruses
where contact transmission is the norm, such as Tobacco mosaic vi-
rus (Sacristán et al. 2011). Unlike vector transmission, no positive
correlation was found between virus titer and transmission rate
within the range of experimental conditions tested.
Models based on the transmission characteristics in virus-vector-

plant systems encapsulate many of the essential features of plant vi-
rus epidemics (Jeger et al. 1998, 2009, 2011a, 2015; Madden et al.
2000b) shown schematically in Figure 3. In the earlier of these pub-
lications (Jeger et al. 1998; Madden et al. 2000b), a main objective
was to compare the effect of the different types on transmission (non-
persistent, semipersistent, and persistent) on disease dynamics and
more comparison of transmission type is needed when considering
the vector component. In all such models, there is a trade-off between
complexity in terms of the tripartite interactions that occur in the sys-
tem and the need for simplicity for model tractability and analysis.
Many epidemiological models assume constant birth and death rates
for vectors irrespective of whether they are viruliferous or nonviru-
liferous. A range of model assumptions on birth and death rates was
made by Sisterson (2009), who found important effects on the vector
population affecting disease incidence. Where there are separated
geographical distributions of a virus vector, the differences in their
vectoring ability (i.e., transmission efficiency) may account for the
lack of disease in one location versus another. However, this was
found not to be the case for the planthopper Perkinsiella saccharici-
dae, the vector of the virus-induced disease Fiji leaf gall in Australia
(Ridley et al. 2006), with the implication that quarantine and/or phys-
ical barriers were effective.
Multiple vector species may transmit viruses within a crop, al-

though inoculation efficiency by a single vector may be low as found
for Zucchini yellow mosaic virus (Katis et al. 2006). Members of the
genus Torradovirus can be transmitted by several whitefly species,
which themselves may transmit more than one torradovirus (Verbeek
et al. 2014). Models have been proposed that deal with multiple
vectors and the combined effect of their transmission (Marcus and
Raccah 1986). Multiple vector species as well as pooled vector den-
sity were modeled by Madden et al. (1990). The basic reproductive
number for systems in which multiple vectors transmit a single virus
species is a simple extension of the case where there is a single vector
species, although competition between vector species can complicate
the derivation (van den Bosch and Jeger 2017).
Vector dispersal, behavior, and host preference. It has long

been recognized that plant virus disease epidemics are directly af-
fected by factors related to the vector, e.g., their population dynam-
ics, dispersal, and transmission, as shown schematically in Figure 3
together with the factors that can affect these processes (host nutri-
tion, host infection status, other organisms, etc.). There has also been
much recent recognition that the vector-virus interaction can lead to
indirect induced effects: changes in vector dispersal, probing and
feeding behavior on plants, and their response to host status, whether
healthy or infected.
Direct population effects. In terms of direct effects, the spread of

Beet mosaic virus in sugar beet fields may be explained on the basis
of the initial infection date and vector abundance following migra-
tion, as shown by regression analysis and a mechanistic simulation
model (Dusi et al. 2000). Many insect vectors of plant virus diseases
make only short visits to the crops where the disease is of economic
importance. In these cases, the rate of immigration from alternative
hosts, e.g., weed species surrounding crops, are major determinants
of the rate of disease progress. These features were incorporated into
a model of TLCV (Holt et al. 1999). Varietal resistance could be an
important component in managing the disease, but once infected, a
plant had little impact on subsequent disease incidence in the crop.
However, even a very low modeled rate of immigration could cause
almost total infection. Insecticides causing insect mortality were only

effective when vector numbers were low. Continuedmigration of vir-
uliferous vectors made disease incidence largely insensitive to vector
mortality within the tomato crop. More generally, immigration and
emigration processes can be incorporated into theoretical models
(Jeger et al. 1998; Madden et al. 2000b; Marcus and Raccah 1986).
However, if vector immigration is limited to the primary infection
events rather than being continuous, then the added complexity of in-
cluding immigration may not be necessary.
The movement of the aphid vectors of plant viruses affects both

temporal and spatial patterns of disease spread within crops. In addi-
tion to dispersal by flight and within canopy movement, aphid spe-
cies may walk over and colonize plants from the bare soil (Alyokhin
and Sewell 2003). Many models of vectored plant virus epidemics
assume a constant vector population size and ignore explicit birth
and death processes (Jeger et al. 1998), although these models can
be expanded to account for this temporal variability (Madden et al.
2000b); in the latter case, numerical simulations are generally needed
to obtain insight from the models. Models with the assumption of
constant size (births balance deaths) were compared with those in
which logistic vector growth was included (Sisterson and Stenger
2016). With logistic growth, increasing mortality decreased overall
population size and the percentage of viruliferous vectors. There is
a need to integrate realistic vector population dynamic models into
epidemiological models as identified in the concluding section and
Box 3.
In the epidemiological models above, inoculation rates are as-

sumed to be directly proportional to the susceptible host plant density
and the abundance or frequency of viruliferous vectors, and acquisi-
tion to the infected host plant density and nonviruliferous vectors.
Spatial aggregation (Madden et al. 1987b) of vectors was found to
be an inevitable consequence of infection in theoretical modeling,
which is in agreement with empirical observations (e.g., Madden
et al. 1987b, 1988). Aggregation may support disease spread through
increased emigration caused by aggregation, but within a crop,
aggregation can reduce the contact rate between plants and vectors
and hence the infection rate when compared with a model based
on direct proportionality (Zhang et al. 2000b). Most epidemio-
logical models also assume a constant feeding rate by vectors,
whereas for persistently transmitted viruses, a minimum feeding
period is required and the feeding period may be variable (Grilli
and Holt 2000) (Fig. 9). The model suggested that genetic change
in host or vector, leading to an increase in variability of the feed-
ing period, could have unexpected consequences for disease
dynamics.
Indirect induced effects. Other effects on disease dynamics arise

from changes induced in the vector either by the status of the host,
healthy of infected, or by whether the vector is viruliferous. For
the host, volatile compounds emitted following infection by the per-
sistently transmitted Potato leaf roll virus (PLRV) and subsequent
disease progression potentially explain the behavioral responses of
Myzus persicae in their preferential settlement on potato leaves
(Werner et al. 2009). However, there was no difference found in
aphid attraction between PLRV-infected and noninfected young
apical leaves arising from headspace volatiles (Alvarez et al. 2007).
Attraction was however present in mature leaves. CMV induces
changes in cucumber that modifies the alighting, settling, and prob-
ing of Aphis gossypii, leading to increased transmission and spread,
relevant for the modeling of viruses transmitted in a nonpersistent
manner (Carmo-Sousa et al. 2014). Plant chemistry has been shown
to play a major role in these effects for nonpersistent viruses by re-
ducing plant quality for aphids but also through attraction to volatiles
produced by infected plants (Mauck et al. 2014a, b). A different per-
spective applies to persistently transmitted viruses where host plants
must provide sufficient host quality for the vector for extended pe-
riods of feeding before dispersing to a healthy host (Mauck et al.
2012). Stylet penetration behavior of M. persicae on infected and
noninfected Ipomeas spp. was studied (Wosula et al. 2014). Infection
with potyviruses has been shown to increase the intrinsic rate of in-
crease of the aphid on sweet potato. However, for members of the
morning glory family commonly found around sweet potato fields,
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stylet penetration behavior, unlike that on sweet potato, was shown to
have less preference for infected plants.
For the vector, potentially viruliferous thrips (Frankliniella fusca)

laid more eggs that nonviruliferous thrips on peanut; however, fewer
larvae developed into adults and those that did require a longer de-
velopmental time (Shrestha et al. 2012). Taken together, these oppos-
ing effects suggest a trade-off in terms of disease dynamics. Vector
behavior can be manipulated by acquiring virus. TYLCV induced a
less-mobile behavior in B. tabaci in which viruliferous whiteflies
remained in one position on tomato leaves for longer and sustained
a longer sap ingestion period than nonviruliferous whiteflies (Moreno-
Delafuente et al. 2013). Thus, TYLCV increases feeding behavior and
the inoculation efficiency of the vector by manipulating the whitefly
vector; it seems that the TYLCV-B. tabaci interaction is mutually ben-
eficial to vector and virus. This point of view was also expressed by
Hodge and Powell (2010) with respect to the bean aphid Acyrthosiphon
pisum, the vector of Pea enation virus.
A major finding in recent years has been that vector preference for

diseased or healthy plants depends on whether the vector is virulif-
erous or nonviruliferous, and such preferences have recently been
modeled. Incorporating this phenomenon into a model, it was found
that such conditional preference increases virus spread throughout an
epidemic from the time there are few diseased plants to the time when

they are abundant (Roosien et al. 2013). Key to this increase was the
switch in preference from diseased to healthy plants following acqui-
sition of the virus, i.e., preference was condition-dependent. Re-
cently, Shaw et al. (2017) linked condition-dependent preferences
to vector population growth and movement behavior to explore
how vector traits influenced rates of disease spread. Although vector
growth rate had the greatest influence, condition-dependent dispersal
rate was also an important factor. Vector preference for diseased or
healthy host plants has long been recognized and has recently been
modeled. Zeilinger and Daugherty (2014) investigated the interac-
tion between vector preference and host resistance or tolerance to in-
fection in a series of models. In the models, vectors cannot acquire
virus from resistant plants but can from tolerant plants. When vectors
preferred diseased plants, tolerance reduced disease levels compared
with susceptible plants. When vectors avoided diseased plants, toler-
ance increased disease levels. However, both forms of defense in-
creased pathogen spill-over to healthy plants if vectors preferred
diseased plants. For TSWV, thrips preferential behavior affected
by virus acquisition was modeled and shown to lead to enhanced
transmission to healthy plants (Ogada et al. 2016).
Virus-vector interactions and fitness. Viruses affect vector

physiology and behavior in ways that enhance transmission to a
new host and hence virus fitness, as noted in the previous section.

BOX 3
Gaps in current modeling effort in plant virus epidemiology and prospects for future research

There are currently gaps in understanding the effects of both large-scale and more local circumstances on plant virus diseases, epidemic
development, and disease control. Future modeling effort can assist research in:

c Identifying the consequences of large-scale climatic fluctuations, including global warming, for plant virus epidemics and shifts in virus
and vector distributions;

c Basing control of plant virus epidemics on locale-specific conditions, including crop, landscape and farmer heterogeneity, and in-
teractions; and by so doing contribute to improved methods of disease control.

Disentangling the interactions between viruses, vectors, host plants, and the biotic and abiotic environment presents major challenges for
experimental and epidemiological studies, where typically pairwise interactions are the norm. Some advances have beenmade bymodelers
in meeting these challenges, but more can realistically be achieved. In particular by:

c Integrating vector population dynamics and ecology into epidemiological models in a more realistic way, specifically, by recognizing
that virus transmission and transmission type may affect vector life history parameters, and flight, landing, and feeding behavior; and

c Developing evolutionary models for viruses, vectors, and the virus-vector interaction based on fitness trade-offs and other population
genetic approaches. Can viruses manipulate vectors, natural enemies, and host plants to enhance their fitness? How best to char-
acterize virus-virus interactions within plants as synergistic, neutral, or antagonistic?

Finally, we note that advances in statistical and computational techniques should facilitate a greater interrogation of observational data,
simultaneous estimation of epidemiological parameters, and evaluating the relative importance in determining the epidemic outcomes.

Fig. 9. (Left) Relationship between virus inoculation rate and vector feeding period with constant or variable feeding periods: labeled as (a) constant feeding period, (b) no minimum
feeding time with high standard deviation, (c) nonzero feeding time with low standard deviation. (Right) Time to 50% plants infected in relation to mean feeding time for constant and
variable feeding periods (lines labeled as in the left graph) (Figs. 1 and 3 in Grilli and Holt 2000, reprinted with permission from Elsevier).
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The reciprocal effect in which vector life history affects the virus
within infected plants has been less studied (Gutiérrez et al. 2013),
in particular, how the feeding habits of vectors and vector-related
stresses affect the behavior of viruses in plants and hence transmis-
sion efficiency. Life expectancy of vectors can be affected by virus-
induced preferential behavior and leads to improved fitness, promoting
increased spread of the virus within a crop (Ogada et al. 2016). Feeding
behavior of viruliferous Sogatella furcifera, the vector of SRBSDV,
differed from that observed when nonviruliferous (Xu et al. 2014b).
When both parents were viruliferous, fecundity and egg hatchability
were lower than with nonviruliferous parents. If one parent was viru-
liferous, there were no significant effects. It was concluded that virus
effects on plant host-vector interactions could influence competition
between coinfecting potyviruses (Salvaudon et al. 2013). Modeling
could contribute to future research on how vector life history leads
to virus fitness effects.

Tritrophic Interactions
The tripartite virus-vector-host system gains a tritrophic element

when natural enemies of the vector are present (Jeger et al. 2012),
whether parasitoids, predators, or entomopathogens (Fig. 10). Para-
sitoids have been used as biocontrol agents of CMDwith varying lev-
els of success depending on the time after planting cassava (Otim
et al. 2006). Highly efficient parasitoids and predators can be effec-
tive biocontrol agents but entomopathogens need to be both virulent
and highly transmissible (Okamoto and Amarasekare 2012). How-
ever, these workers found that inundation with a natural enemy
did not reduce disease incidence, whereas inundation with a compet-
itor had a large effect in reducing disease incidence. Such tritrophic
interactions may be manipulated by the virus to increase their fitness,
and models have been proposed for the interaction with parasitoids
(Jeger et al. 2011a).
Biological control of virus vectors using natural enemies can re-

duce vector densities but may have indirect effects on temporal
and spatial disease spread. That parasitoids aid dispersal of a nonper-
sistently transmitted virus by vector dispersal was shown by Hodge

et al. (2011) for Bean yellow mosaic virus transmitted by the pea
aphid Acyrthosiphon pisum. Higher rates of parasitism ofM. persicae
were observed on infected Cucurbita pepo infected with CMV com-
pared with healthy plants (Mauck et al. 2015a). It was argued that the
reduced nutritional quality of infected plants compromised their abil-
ity to mount a defense against the parasitoid Aphidius colemani.
CMV-related changes in plant chemistry affect vector behavior suf-
ficiently to enhance virus transmission. Distribution patterns of CMV
and Cucurbit aphid-borne yellows virus (CABYV), the latter trans-
mitted in a persistent manner, were also compared with those of the
vector in the presence of A. colemani (Dáder et al. 2012). Parasitoids
enhance the spread of CMV in the short term, although parasitism
had potential benefits in the long term. For the persistent CABYV,
A. colemani limited spread and disease incidence in the long term.
The egg parasitoid Anagrus nilaparvatae of the rice brown planthop-
perNilaparvata lugenswas attracted to plants with plant hopper eggs
(Xu et al. 2014a); however, there was no preference for plants in-
fected by Rice black-streaked dwarf virus (RBSDV) compared with
healthy plants when both harbored eggs. Developmental time of im-
mature male parasitoids in eggs on RBSDV-infected plants was
longer than on healthy plants, but not with females.
For predators, Zhou and Yao (2014a, b) developed a mathematical

model linking a host-vector disease model with a predator-vector
model and showed that introduction of a predator may suppress
the spread of vector-borne viruses, although the disease can persist.
However, Belliure et al. (2011) provided evidence to support that
antipredator behavior by M. persicae might affect its dispersal
and hence virus spread even though transmission efficiency was no
higher than without the predator, at least for coccinelid beetles. Pred-
ators are also able to locate herbivorous prey (vector and nonvector)
on infected plants as efficiently as on healthy plants (Mauck et al.
2015b). In insect-proof cages, the effect of aphidophagous predators
on the spread of CMV, transmitted in a nonpersistent manner by
A. gossypii, was found to be restricted to the virus-infected central
plant (Garzón et al. 2015). The distribution patterns of CMV and the
aphid were only coincident around the central plant. Zhou and Yao

Fig. 10. Schematic representation of a tritrophic plant-virus-vector-parasitoid relationship where a combination of signaling devices manipulates the interaction (Fig. 1 in Jeger et al.
2012, copyright KNPV, with permission of Springer): (i) the vector shows preference for either healthy or infected host plants, (ii) the host plant uses a “cry-for-help” signal to attract
parasitoids, (iii) the presence of the parasitoid induces an alarm signal initiating vector movement, including to other plants. The crucial element in increasing virus fitness
(transmission) is that there is a switch in vector preference upon the change in vector status: i.e., nonviriluferous vectors prefer infected plants and acquire virus; upon
acquisition, viruliferous vectors prefer (and inoculate) healthy plants.
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(2014a, b) used the basic reproduction number for systems with and
without predators for a host-vector disease model. The further devel-
opment of vector-based population dynamic models for virus dis-
eases could help elucidate the importance of tritrophic interactions
in disease dynamics, as noted for TSWV, vectored by Frankliniella
occidentalis (Ogada et al. 2016). Increased generalist predator rich-
ness reduced the population density of the aphid vectors of CYDV in
wheat and that virus incidence was also reduced when predators were
present, but not related to richness (Long and Finke 2015). Predators
did stimulate vector movement, but this was likely to reduce feeding
time and hence transmission efficiency for this persistently transmit-
ted virus. Finke (2012) points out that the effects of predators on her-
bivore vectors depend on whether there is a consumptive effect (by
consuming viruliferous vectors) or a nonconsumptive effect (induc-
ing antipredator behavior).
Modeling has proved to be a productive area for investigating tri-

trophic interactions complementing experimental studies. It has been
argued that future modeling studies should deal with interaction webs
(Eubanks and Finke 2014), where there are pathogens, herbivores,
herbivores as vectors, and other interacting insects including preda-
tors and parasitoids, with direct and indirect effects on crop yield.

Conclusions
Plant virus epidemiology has matured as a distinctive area of re-

search endeavor over the last 30 years (Jones 2014; McLean et al.
1986; Thresh 2006). Major advances have been made in disentan-
gling the interaction between host plants and viruses, host plants
and virus vectors, and between plant viruses and vectors. These in-
teractions, manifest at different hierarchical levels from within-cell
processes to production systems and landscape features, are a de-
fining feature of plant virus epidemics. Plants may be coinfected
with different viruses or virus strains, and the consequences for dis-
ease expression and dynamics range from beneficial to attenuation.
Major advances have been made in understanding how transmission
processes are affected by vector behavior, dispersal, and ecology.
A plant virus may have multiple hosts (including noncrop plants)
and multiple vectors (each of which may also transmit other viruses),
and in these cases a broader appreciation of the agricultural and eco-
logical context has become apparent. And yet, this knowledge is thus
far incomplete. We can identify what in our view is missing from cur-
rent modeling efforts and the prospects for future research to fill these
gaps (Box 3).
Overall, what mathematical modeling has to offer is: (1) a means

of integrating interactions between virus, vector, host plant, and the
biotic and abiotic environment at different levels; (2) asking the ques-
tion, suppose a particular effect is determined at one level, what are
the consequences at a higher level?; (3) evaluating alternative scenar-
ios for disease control; and (4) contributing more generally to the
ecology of vectored diseases, where similar considerations apply
in plant, animal, and human health.
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