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Abstract

An epidemic is the progress of disease in time and space. Each epidemic has a structure whose temporal dynamics
and spatial patterns are jointly determined by the pathosystem characteristics and environmental conditions. One
of the important objectives in epidemiology is to understand such spatio-temporal dynamics via mathematical and
statistical modelling. In this paper, we outline common methodologies that are used to quantify and model spatio-
temporal dynamics of plant diseases, with emphasis on developing temporal forecast models and on quantifying
spatial patterns. Several examples of epidemiological models in cereal crops are described, including one for
Fusarium head blight.

Introduction

Mathematical modelling of crop disease is a rapidly
expanding discipline within plant pathology. The first
models of the temporal development of epidemics
were developed by Van der Plank (1960; 1963), and
have since formed the basis for disease modelling
(Campbell and Madden, 1990; McCartney, 1997).
In 1969, Waggoner and Horsfall published their model
of potato early blight epidemics caused by Alternaria
solani. Subsequently, various models have been devel-
oped (Jeger and Tamsett, 1983). A model is a simpli-
fication of reality and attempts to summarise the main
processes, to put forward hypotheses and to verify their
coherence and consequences. It also represents a trial to
determine the minimal hypotheses which would allow
minimal mathematical representation of real processes.
In epidemiology, modelling aims to understand the
main determinants of epidemic development in order to
develop sustainable strategies for strategic and tactical
management of diseases.

Epidemiological models can be classified in sev-
eral ways. For convenience, Kranz and Royle (1978)
classified them into three types – descriptive, pre-
dictive and conceptual – according to their main
objective. Descriptive models provide hypotheses or

generalise experimental results, but they do not usu-
ally reveal the mechanisms underlying the processes.
Predictive models, which are also descriptive, allow
the prediction of the occurrence and the severity of
epidemics. Both descriptive and predictive models use
mathematical tools, such as simple or complex func-
tions, regression and differential equations, or simple
decision models. The conceptual models, also known
as explanatory or analytical models, allow the iden-
tification of problems by distinguishing cause from
effect and quantify the effects of specific events on
epidemic development. They are constructed as rep-
resentations of underlying biological and ecological
processes. These models may eventually lead to the
development of complex simulation models. It should
be pointed out that models can be disease-specific, but
can also be very general. A descriptive model is often
concerned with understanding and predicting develop-
ment of specific diseases, and thus is generally used for
assisting growers in making tactical decisions in man-
aging diseases. A conceptual model is often concerned
with the theoretical understanding of generic features
of epidemic development and thus is used more for
making policy and strategic decisions.

Recent advances in computer tools have made math-
ematical/statistical modelling more accessible and
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have led to the development of more complex models
for many diseases. In this paper, we attempt to provide
a brief introduction to the framework for develop-
ing epidemiological models. For this purpose, various
modelling processes, such as problem specification, are
reviewed. Finally, several models for cereal diseases
are briefly presented. We have focused on two areas:
forecasting temporal disease dynamics and quantifying
spatial patterns. We intentionally do not include any
discussion of the more theoretical aspects of epidemio-
logical modelling, nor recent approaches which attempt
to combine temporal models with spatial models.

Problem specification

Since models are most useful when directed at a
clearly specified and well-defined problem, the cru-
cial first step in modelling is to precisely define the
question(s) to be addressed. The nature of the problem
is likely to determine what are the most appropri-
ate modelling techniques to use (Kranz and Royle,
1978; Sutherst, 1993). In fungal epidemiology, possible
objectives for modelling include (Norton et al., 1993):

1. predicting the timing of an event, such as when
disease infection is likely to occur;

2. predicting the scale of an event, such as the severity
of disease infection or crop loss;

3. estimating the frequency or the probability of an
event, such as monocyclic or polycyclic epidemics;

4. assessing and comparing the performance of
different management strategies.

Biological characteristics of
a fungal pathosystem

Once the objective of a model is clearly established, the
second step is usually to determine the variables that
are needed for developing the model. These variables
generally represent key features in the development of
epidemics, including initial inoculum, progeny/parent
ratio and the length of latent period (Van der Plank,
1982) as well as major external factors. Recently,
de Vallavieille-Pope et al. (2000) assessed the use of
various epidemiological parameters in modelling. They
identified spore production, latent period, the number
of infection cycles, host resistance and external factors
as key components of disease development. The impor-
tance of the interactions between pathogen and host

population dynamics has long been underestimated
(Gilligan, 1985) and is now receiving due attention
(Webb et al., 2000).

Fungal pathogens

Inoculum

Fungal inoculum is of prime concern; its source, den-
sity and type will greatly influence the design of the
forecasting scheme. Without inoculum, there is no epi-
demic. A fungal population consists of individuals at
various stages of their life-cycle. The population can
be described by the proportion or absolute quantity
of individuals at each stage, i.e. age structure of the
population (Shaw, 1998). For example, for modelling
purposes, Blumeria graminis on cereals may consist of
three components: (1) spores, each potentially capable
of infection, (2) mycelia, and (3) cleistothecia (Shaw,
1998). Passage from one stage to the next can be very
fast, usually depending on environmental conditions.
Inoculum may also be simply divided into primary and
secondary; such division has been found to be very use-
ful in modelling cereal soil-borne pathogens (Gilligan,
1985). van Maanen and Gourbiere (2000) showed the
importance of the life-cycle stages in the control of fun-
gal dynamics, by adapting a patch-occupancy model
previously developed by Gourbiere et al. (1999).

Fungal populations are difficult to study under field
conditions because individual mycelia and spores can-
not generally be easily quantified (Siefert, 1981). The
assessment of the amount of the pathogen on and in the
leaves is notoriously difficult. For example, sporulating
mycelia of Stagonospora nodorum or Mycosphaerella
graminicola of wheat, causal agents of leaf blotching
and spotting infection, are hidden within the leaves.
Visual assessment of the percentage leaf area covered
by lesions can be rapid, but is quite subjective, and
hence may not be a reliable assessment of inoculum
(de Vallavieille-Pope et al., 2000). Numbers of colonies
or pustules can be counted accurately on a small scale,
but this is not practical on a large scale. To simplify
the matter, a pathogen population is often measured
indirectly as disease incidence or severity. Other meth-
ods used to quantify pathogen populations include
determination of the fungal biomass using enzyme-
linked immunosorbent assay (ELISA) (Newton and
McGurk, 1991), ergosterol and/or chitin content mea-
sured using high performance liquid chromatography
(HPLC) (Johnson and McGill, 1990; Barajas-Aceves
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et al., 2002) and competitive PCR methods (Nicholson
et al., 2002). Quantifying inoculum of soil-borne
pathogens is generally more problematic (Jeger, 2000).

Inoculum dispersal

Inoculum dispersal fulfils essentially three functions:
(1) population survival, (2) colonisation of new habi-
tats and (3) reproduction (Ingold, 1971). Dispersal can
occur either by mycelium or spores. Spore dispersal
comprises three phases; liberation, which can be pas-
sive or active (Dix and Webster, 1995), transport, and
deposition (Ingold, 1978). The dispersal scale depends
on inoculum properties as well as the transport vector,
and may range from a few metres through rainsplash
(Madden, 1992), to 100–10 000 m for airborne spores,
such as those of powdery mildew of cereals (Andrivon
and Limpert, 1992). Often, spore dispersal can be
described by either an exponential or a power function
(Fitt et al., 1987).

Disease models differ in the method by which the
various steps in the disease-cycle are formulated, but
each model includes the equivalent of a primary deposi-
tion function (McCartney and Fitt, 1998). The primary
deposition function plays an important role in both the
shape of the disease gradients and the expansion rate of
the disease focus. Ferrandino (1993) derived a function
to account for loss of spores both by escape from the
canopy and by deposition. The model generated disease
gradients that became shallower as the epidemics pro-
gressed. Such a pattern has been observed in diseased
crops, e.g. potato late blight (Minogue and Fry, 1983b)
and A. linicola on linseed (Vloutoglou et al., 1995). The
efficiency of spore dispersal affects the density of new
infections (de Vallavieille-Pope et al., 2000). Gourbiere
et al. (1999) considered dispersal as the main param-
eter which determines the number of newly colonised
units in their model, which has been further extended
to simulate the distribution and frequency of new infec-
tions along weather gradients (van Maanen et al.,
2000).

Latent and infectious periods

In epidemiology, the latent period is the interval
between the onset of spore germination and the appear-
ance of the next spore generation. The rate of epidemic
development is largely influenced by the length of
latent period, which determines the number of poten-
tial infection cycles that can be completed during a

growing season (de Vallavieille-Pope et al., 2000). The
shorter the latent period, the more reproduction cycles
the fungus can have per season. In contrast to poly-
cyclic diseases, monocyclic diseases have only one
reproductive cycle throughout a single season.

The importance of the latent period and spore depo-
sition frequency in modelling has been emphasised
by Gumpert et al. (1987). Latent periods have been
reported to depend on inoculum and lesion density
(de Vallavieille-Pope et al., 2000), but are mainly influ-
enced by temperature (e.g. Beresford and Royle, 1988;
Xu, 1999; Xu and Robinson, 2000; 2001). They may
also vary with the level of host susceptibility and with
host growth stages, features that emphasise the impor-
tance of studying both pathogen and host dynamics.
Another key factor influencing the development of an
epidemic is the length of the infectious period (i.e. the
length of time during which a single colony continues
to produce spores), as this determines the quantity of
spores that a single colony is likely to produce during
its lifetime.

Pathogen dynamics regulation

Fleming (1980) argued that the role of predation and
parasitism in pathogen regulation might be greater than
previously recognised. Burgess and Hepworth (1996)
recognised various hyperparasites attacking sclerotia
of Sclerotinia spp. Brasier (1990) showed that the
transfer of virus pathogens of fungi would occur more
efficiently when the fungal population is at a high den-
sity. Another natural regulation comes from pathogen
population competition, e.g. the competition between
the eyespot pathogens Tapesia yallundae, T. acuformis
and the sharp eyespot pathogen Rhizoctonia cerealis
(Bateman et al., 1995). This aspect of microbial com-
munity interaction (symbiosis or competition) is, in
general, poorly understood for fungal pathogens; it
is now becoming gradually more important with the
present moves to more integrated disease management
strategies.

Host dynamics

For a long time, epidemic modelling has empha-
sised pathogen activity, ignoring effects of the host on
pathogen development. Particular interests are changes
in susceptibility, and the contribution of resistance,
e.g., to the length of the latent period (Kranz and
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Royle, 1978). Another reason why host dynamics
should be included in epidemiological models arises
from the fact that pathogen population dynamics are
linked to host dynamics, and pathogens may affect
growth and reproduction of their hosts (Anderson
and May, 1979). Simple models can be developed to
capture the essential features of host–pathogen inter-
actions, though more complex models are usually
necessary.

Host susceptibility and resistance

Among the host factors which need to be taken into
account are the levels of intrinsic host resistance
and age-related resistance associated with specific
host tissues (Shtienberg, 2000). Some cultivars dis-
play increased tolerance or partial resistance (Walters
and Hardwick, 2000). The nature of host resistance
will affect the rate of disease development and must
therefore be taken into consideration in modelling
(Shtienberg, 2000). Theoretical models have been
developed on the effects of cultivar mixtures or crop
heterogeneity on epidemic development based on
the gene-for-gene relationship (Barrett, 1978; Jeger
et al., 1981a,b; Xu and Ridout, 2000). Host resis-
tance and/or pathogen infectivity/aggressiveness may
also depend on the age of host tissues. For exam-
ple, studies have shown that rose tissue become
resistant to infection by Sphaerotheca pannosa as
leaves age (Rogers, 1959; Mence and Hildebrandt,
1966).

Multiple hosts and crop rotation

Paramount among farm practices is crop rotation,
which has conventionally been adopted to reduce the
carry-over of pathogens from one crop to another
(Walters and Hardwick, 2000). However, crop rota-
tions are also likely to favour certain pathogens when
multiple hosts are available. Sclerotinia sclerotiorum,
causal agent of stem rot in spring-sown oilseed rape,
has a wide host range of about 400 species, includ-
ing many weeds (Bolland and Hall, 1994). Maize
rotating with wheat is known to be one of main rea-
sons for recent severe epidemics of Fusarium head
blight (Obst et al., 1997). The importance of crop rota-
tion has been included in a forecasting system for
Sclerotinia stem rot (Twengstrom et al., 1998). Crop
rotation emphases the importance of the infection time-
length, and as consequence, the survival of inoculum.

Polymyxa betae produces resting spores which sur-
vive in the soil between successive crops. Survival of
sclerotia for up to 5 or 10 years has been reported
(Ben-Yephed et al., 1993).

Environmental factors

It is generally agreed that the environment is the driv-
ing force in the development of epidemics (Rabbinge
and Bastiaans, 1989; Hardwick, 1998). This includes
major climatic variables, such as rain, temperature
and humidity. Wind and rain are essential for pathogen
dispersal; rain provides free water on host surfaces
for most pathogens to infect and sporulate and sun
provides favourable temperatures for disease develop-
ment (Ingold, 1971; Lacey, 1996; Francl and Panigrahi,
1997; de Vallavieille-Pope et al., 2000; Walters and
Hardwick, 2000). The duration of each event as well
as its timing is also important. For example, for apple
scab, night rain results only in a much smaller propor-
tion of mature ascospore being discharged compared
to daytime rain (MacHardy, 1996).

Moisture, particularly the duration of wetness, is
the dominant factor for most pathogens (Huber and
Gillespie, 1992). Free water or near saturation mois-
ture on the host surface is essential for germination and
penetration of the host for many pathogens. Thus, not
surprisingly, a single parameter indicating water avail-
ability is used in several forecasting systems. Prediction
of actual wetness duration is preferable to prediction of
occurrence because many pathogens cause more dam-
age as the duration of wetness increases (Hosford et al.,
1987; Francl and Panigrahi, 1997). Artificial neural net-
work models have been developed to predict wetness
on wheat flag leaves from both dew and rain (Francl
et al., 1995; Francl and Panigrahi, 1997).

The role of temperature has been studied for many
pathosystems, mostly for its influence on initial germi-
nation, infection, and the length of incubation, latent
and infectious periods. For example, Newton (1989)
showed that the infection efficiency of barley powdery
mildew was reduced by over 50% at 7 ◦C compared
to 20 ◦C. The different stages of the disease-cycle of
P. betae, the fungal vector of beet necrotic yellow vein
virus, are sensitive to soil temperature, which appeared
to be a principal factor in influencing the occurrence
and severity of the sugar beet disease rhizomania (Blunt
et al., 1992).

The relationships between disease development and
environmental factors are the key component and often
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the only component of disease forecasting systems.
Both past and future weather forecasts can be used
in these systems for predicting epidemic development.
Forecasting systems provide an indication or quantifi-
cation of disease development, especially when the dis-
ease is likely to exceed an economic-injury threshold
and thus warrants a treatment.

Mathematical representation of
epidemic development

Overall, modelling can be divided into three steps:
model development, model analysis and hypothesis
testing. When developing a model, biological char-
acteristics of the pathosystem are expressed as math-
ematical relationships. In model analysis, epidemic
dynamics are investigated in relation to the param-
eters of interest (or variables, which may be formu-
lated as functions of external factors such as rain and
temperature). Finally in hypothesis testing, the results
from model analysis are used to test or verify whether or
under what conditions the hypothesis (i.e. the specified
problem/question) is valid. Mathematical expression of
biological features of the system is critical, since it will,
more or less, determine the techniques to be used in
model analysis and hypothesis testing. Here, we briefly
introduce several common mathematical tools used to
analyse plant disease epidemics.

Disease progress curves

Van der Plank (1960) used exponential, monomolec-
ular and logistic models to describe the develop-
ment of epidemics. He illustrated how polycyclic
diseases could be described by logistic models,
and monocyclic diseases by monomolecular models.
Growth models (monomolecular, Gompertz and logis-
tic models) provide a range of curves that are often
similar to disease progress curves. These non-linear
curves can be easily fitted to experimental data by
any standard statistical package. Use of such growth
curves has been described by Campbell and Madden
(1990). The important parameters in these models are
the initial amount of disease, the apparent rate of
disease increase and the level of maximum disease.
These parameters can be estimated separately for each
individual treatment and their relationships with treat-
ment or environmental factors can then be investigated.

Alternatively, the mathematical relationships between
the model parameters and treatment/environmental fac-
tors can be incorporated into the growth curve models
and fitted to the observed data directly. More com-
plex model fitting procedures are required for the latter
approach.

Most analyses of disease progress data rely on time
as the independent factor. This may not be appropri-
ate when data are collected in different years, seasons,
locations, etc. A measure of heat-sum or degree-days
provides an alternative method. This assumes that tem-
perature is the most important factor driving growth
rate of the host, the pathogen and the disease. This
method was used to model various epidemics, such as
the cotton-Verticillium wilt system (Gutierrez et al.,
1983), powdery mildew on tomato (Correll et al.,
1988), and more recently, take-all on wheat (Brassett
and Gilligan, 1989; Cohlbach et al., 1997). Many other
modifications to standard growth models are possible.
For example, to take into account the temporal variabil-
ity of host susceptibility to pathogens, Lalancette and
Hickey (1986) modelled disease progress as a function
of host growth, which was used to represent biologi-
cal time. Van der Plank (1963) introduced a correction
factor for the rate of disease increase based on the expo-
nential change in mass of susceptible host tissue. This
correction factor was studied by Kranz (1975), and
Waggoner (1986), and reviewed by Campbell (1998).

Area under disease progress curve

Not all disease progress curves are well or eas-
ily described by a growth curve model. Alternative
methods to quantify epidemic development include
the area under the disease progress curve (AUDPC).
Van der Plank (1963) related area under the stem rust
progress curve to the yield loss in wheat. Jeger and
Viljanen-Rollinson (2001) listed a range of publica-
tions using AUDPC to assess quantitative resistance to
disease. The resulting AUDPC values can be used as a
measure of epidemic development and used in further
analysis and hypothesis testing, such as regression and
in variance analyses.

Linked differential equations

One of most commonly used mathematical tech-
niques in modelling epidemics is the linked differential
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equation (LDE), which is usually used to investi-
gate theoretical questions concerning the dynamics
of plant disease in relation to host, environment and
human interventions. Van der Plank (1963) demon-
strated how analytical models written as differential
equations could be integrated and used to quantify the
various parameters associated with disease progress.
The LDE models are of the susceptible, exposed, infec-
tious and removed (SEIR) type, which is the standard
modelling approach in human disease epidemiology,
and is also widely used in plant disease epidemiology
(Jeger et al., 1998; Jeger, 2000).

In this approach, the host population is usually
divided into several non-overlapping categories, such
as healthy susceptible, latently infected, infectious and
removed (post-infectious). When an individual plant
becomes infected, the pathogen moves through the
latent stage to become infectious at a rate which
is the inverse of mean latent period. Infected plants
lose infectiousness and proceed into the removed or
post-infectious stage at a rate which is the inverse of
mean infectious period (Segarra et al., 2001). Plant pop-
ulations may be constant, but may also assume increase
or decrease to model host growth or senescence pro-
cesses. Depending on the hypothesis to be tested, the
number of these categories used varies greatly. For
example, when modelling the effect of induced resis-
tance, an extra category, healthy resistant, may also be
required.

Linked differential equation models are specified for
each defined plant category, written generically as

dP

dt
= B(P ) − D(P ),

where B(P ) and D(P ) are functions describing the
increase and decrease of the host population of cate-
gory P . B(P ) and D(P ) are jointly determined by host
growth functions, pathogen attributes, pathogen trans-
mission/dispersal characteristics and disease manage-
ment. Some density-dependent population regulation
can also be included.

Linked differential equation models are usually eval-
uated analytically to determine the key dynamic fea-
tures of the system, and then numerically to explore
the dynamics in the important conditions identified.
Typical questions to be asked include (1) what are the
values and stability of equilibria? (2) how are the values
and stability of equilibria affected by model param-
eters/variables? (3) how does the epidemic approach
the equilibria? (4) what are the conditions necessary

for the epidemic to persist? and (5) how sensitive are
the system dynamics to model parameters/variables?

Computer simulation

Many computer simulation models have been devel-
oped in the past decades. Computer simulation is
in general a natural extension of LDE modelling.
In computer simulation, model parameters in LDE
are often assumed to be functions of external fac-
tors such as temperature and humidity. These func-
tions can either be of simple linear type or complex
non-linear type. Computer simulation can be used to
study both theoretical and applied problems. Using
a stochastic simulation model, the relationships of
spatio-temporal statistics with underlying biological,
physical and biological factors have been success-
fully studied (Xu and Ridout, 1998; 2000; 2001). One
of the earliest spatio-temporal simulation models was
EPIMUL (Kampmeijer and Zadoks, 1974), which laid
the foundations for further developments (Minogue
and Fry, 1983a,b; Van den Bosch et al., 1988; Zawolek
and Zadoks, 1992; Ferrandino, 1993; Maddison et al.,
1996). Jeger (1986) discussed the advantages and dis-
advantages of the simulation approach in comparison
to the analytical approach.

Examples of forecasting models

Rust development of epidemics

Rust development of epidemics (RustDEp) is a
dynamic simulator of the daily progress of brown rust
severity on wheat (Rossi et al., 1997). It takes into
account (1) the proportion of spores able to estab-
lish new infections influenced by temperature and leaf
wetness (de Vallavieille-Pope et al., 1995), (2) the
fact that the latent period depends on temperature
(Johnson, 1980), and (3) the fact that the infectious
period depends on temperature and host growth stage
(Tomerlin et al., 1983). In the RustDEp model, the
inputs of meteorological data are recorded by a weather
station, allowing more accurate simulation of the
disease progress (Rossi et al., 1997).

Sclerotinia stem rot forecasting systems

Several approaches have been used to develop fore-
casting methods for Sclerotinia stem rot, caused by
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S. sclerotiorum, including checklists (Thomas, 1984),
risk point tables (Ahlers, 1989), serological tests
(Jamaux and Spire, 1994; Lefol and Morrall, 1996) and
petal infestation assessments (Turkinson and Morrall,
1993). Nevertheless, their practical use has not been
adequately evaluated and their accuracy was sometimes
not satisfactory. Twengstrom et al. (1998) improved
an existing risk point system using logistic regres-
sions. The factors that affect Sclerotinia infection were
given points with regard to the risk of heavy infes-
tations. The choice of risk factors and risk points
in the improved model was made on the basis of
statistical and biological considerations. New thresh-
old values for spraying recommendations were deter-
mined. Mild Sclerotinia epidemics were predicted for
<40 points and spraying was not recommended. If
the risk point was ≥50, spraying was recommended.
This system is a type of decision model, which
has several advantages, including ease of use and
distribution.

Disease forecasting system for Fusarium head
blight in the USA

A series of severe Fusarium head blight epidemics
experienced in the USA (McMullen et al., 1997), led
to a collaborative project between the States of Ohio,
Dakota, Minnesota and Manitoba to create a forecast-
ing model. De Wolf et al. (2000) used weather data
(temperature, RH, rainfall) and mean disease levels
collected in Ohio from 1982 to 1999 to identify crit-
ical environmental periods. Correlation analysis was
used to identify weather variables that were poten-
tially associated with epidemic development and then
to use these variables to develop a logistic regression.
The resulting risk model had an 84% level of accuracy
in predicting epidemics. The model is currently under
evaluation.

Another model, which incorporates rainfall, temper-
ature and wheat heading date has been developed to
produce a risk map for the production of the Fusarium-
associated mycotoxin deoxynivalenol (DON). These
maps forecast the amount of DON (in ppm) that would
accumulate if the wheat was at Zadoks growth stage 59
(75% of the heads completely emerged from the flag
leaf). The model was improved using data from 399
farm fields across Ontario from 1996 to 2000, using
both forecast and actual weather data. DON predic-
tions are meant to serve as a guide; a high DON level
may warrant a timely application of fungicide. The

DON level maps are available on the Ontario Weather
Network website (www.ownweb.ca).

Quantifying spatial patterns

Recently, there has been increased interest in the sta-
tistical description and theoretical modelling of the
spatio-temporal dynamics of epidemics, especially for
disease incidence data, where individual plants or
plant-parts are classified as diseased or healthy (Hughes
and Madden, 1992; 1993; Madden and Hughes, 1995;
Yang, 1995; Hughes et al., 1996; 1997; Xu and
Ridout, 1998). The individuals often occur in groups
that may arise naturally (e.g. leaves on a shoot) or
artificially (e.g. plants in a quadrat). Many different
methods have been used to characterise spatial aggre-
gation for disease incidence data, including fitting of
the beta-binomial distribution (Hughes and Madden,
1993; Madden and Hughes, 1995), variance–mean
relationships (Hughes and Madden, 1992; Madden
and Hughes, 1995), spatial autocorrelation (Campbell
and Madden, 1990; Gottwald, 1995; Madden and
Hughes, 1995), geostatistical methods (Chellemi et al.,
1988; Stein et al., 1994; Gottwald et al., 1996), and
distance class methods (Gray et al., 1986; Nelson
et al., 1992; Gottwald, 1995; Nelson, 1995; Ferrandino,
1996; 1998). In this paper, only the most common
and recent statistical methods for quantifying spa-
tial heterogeneity of disease incidence data are briefly
introduced.

To assess spatial heterogeneity of plant disease,
researchers usually collect data in two ways. First,
disease incidence is assessed within a sampling unit
comprising a group of plants at a particular spatial point
(often called a quadrat); a number of such quadrats
would be randomly taken over space or time. Second,
disease is assessed on all individual plants or on a sub-
set of plants; in this case, spatial location is recorded
as well as disease incidence. Sometimes, a hybrid of
these two methods can also be used, i.e. disease is
assessed within a quadrat but a number of such quadrats
is selected on a set of predefined spatial locations. In
the former method, the heterogeneity can be investi-
gated within the quadrat. In the latter case, the spatial
dependence of disease can be studied between sam-
pling units. Usually, the information extracted from the
data is positively related to the amount of effort put into
the disease assessment.

When the spatial dynamics of plant diseases are stud-
ied, the following questions can be considered: (1) is



676

the disease aggregated? (2) how does the degree of
aggregation vary with time? (3) is there any spa-
tial dependence in disease development? (4) can such
spatial dependence be quantified? (5) what is the rate
of disease spread, disease gradient or spore dispersal
gradient? (6) what is the impact of disease aggrega-
tion on disease management? and (7) what factors
have caused the observed spatial pattern. To under-
stand many spatial analytical tools, there is a need to
first understand the expected variance of a number of
infected plants within a sampling quadrat.

Disease incidence and its variance

Disease incidence is an example of a binary variable,
one that can take only two possible values, i.e. diseased
or not. Thus if X denotes the disease assessment on a
particular plant (i.e., X = 0 for a healthy plant; X = 1
for a diseased plant) and π denotes the probability that
the plant is diseased, then Pr(X = 0) = 1 − π and the
value of π determines the distribution ofX completely.
In particular, the mean and variance are E(X) = π and
var(X) = π(1 − π), respectively. This distribution,
known as the Bernoulli distribution, is the only possible
probability distribution for a binary random variable.

Suppose that a rectangular quadrat is sampled, with
n number of plants in the quadrat, and a binary random
variable Xi indicates the disease status of the ith plant
in the quadrat. The total number of diseased plants (Y )
in the quadrat is therefore Y = ∑

i Xi . If π denotes
the probability that a randomly selected plant from the
population is infected, then E(Xi) = π and hence
E(Y ) = nπ . Using the standard formula for the vari-
ance of a sum of random variables, the variance of Y
is then calculated as:

var(Y ) = nπ(1 − π)[1 + (n − 1)ρ] (1)

where

ρ = 1

n(n − 1)/2

∑

i<j

corr(Xi,Xj ) (2)

Thus, the variance has two components: the vari-
ance of a binomial distribution, {nπ(1 − π)}, and
an additional component due to pairwise correlation
in disease status between plants within a quadrat,
{n(n − 1)π(1 − π)ρ}. The parameter ρ is often called
the intracluster correlation (Ridout et al., 1999). In
terms of spatial pattern, positive values of ρ imply spa-
tial aggregation or clustering, whereas ρ = 0 implies a

random pattern of disease incidence. A negative value
of ρ implies some sort of regularity in the pattern,
whereby the presence of a diseased plant reduces the
likelihood of neighbouring plants being diseased. Thus,
the degree of spatial aggregation can be assessed by
determining the magnitude and significance ofρ, either
directly or indirectly.

In assessing spatial heterogeneity, either incidence
(i.e. proportion or percentage infected plants within
a sampling unit) or counts data (number of infected
plants within a quadrat) can be used. Madden and
Hughes (1995) discussed the relative merits of both
approaches. Here, if not specified otherwise, incidence
is assumed.

Beta-binomial distribution

It follows from equation (1) above that if the inci-
dence data can be satisfactorily fitted by a binomial
distribution then this implies that intracluster correla-
tion is expected not to be significantly different from
zero. Therefore, there is no spatial aggregation of dis-
eased plants. Typically, for an aggregated data set, there
are more observed units in either the upper or lower
disease incidences and correspondingly less in the mid-
level of incidence than that predicted by the binomial
distribution at a given level of overall incidence.

If the binomial distribution fails to describe the
observed data satisfactorily, other types of distributions
may be fitted to the data. One commonly used distri-
bution is beta-binomial (Hughes and Madden, 1993;
Madden and Hughes, 1995). This distribution can be
derived by assuming that the incidence of disease varies
from quadrat to quadrat in a random way, for exam-
ple due to spatial variability in environmental factors,
which gives rise to a mixture distribution for Y . The
binomial parameter π is replaced by a random vari-
able P, with E(P ) = π and var(P) = ρπ(1 − π ).
Unconditionally the variance of Y is given by equa-
tion (1) above. Commonly, P is assumed to follow
a beta distribution as this gives a flexible range of
distributions for P , and hence for Y (Hughes and
Madden, 1993; Madden and Hughes, 1995). The result-
ing mixture distribution is thus called beta-binomial
distribution with two parameters: p and θ . Param-
eter p is the expected or average value of π , i.e.
overall disease incidence; θ is an index of aggrega-
tion, ranging from 0 to ∞, although typically less
than 1. This distribution has been successfully fitted to
many observed data sets (Hughes and Madden, 1993;
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Madden and Hughes, 1995; Xu et al., 2001). If the
beta-binomial distribution fits observed incidence data
satisfactorily, θ can then be used to indicate the degree
of aggregation. In general, beta-binomial distribution
may not be sensitive enough to detect aggregation for
small sample sizes.

Corresponding to the incidence, Poisson distribu-
tion is equivalent to binomial distribution for counts
data in assessing the randomness of the observed data.
Negative-binomial distribution is often used to describe
aggregated counts data; one of its parameters, k, is also
used to indicate the degree of aggregation. This param-
eter has been incorporated into temporal epidemic
models to investigate the effects of spatial aggregations
on temporal disease development. Other distributions
for describing aggregated counts data are also possible.

Index of dispersion

Poisson distribution fits counts data if the counts data
are randomly distributed. For counts data, the variance-
to-mean (VM) ratio is usually used to measure aggre-
gation. This is essentially a variance-to-variance
(observed-to-expected) ratio since the mean is the
expected variance for a Poisson distribution. Thus, for
a random distribution of observed data VM is expected
to be 1. This VM ratio can be generalised to give the
definition of index of dispersion (D) as the ratio of the
observed to theoretical variance. D = 1 for random
data, D > 1 for over-dispersed data and D < 1 for
under-dispersed data. For binary data such as disease
incidence:

D = S2

np(1 − p)
(3)

where np(1 − p) is the expected variance of inci-
dence data assuming that the binomial distribution
fits the data, and S2 is the observed variance. A chi-
square test has been used to determine whether to reject
or accept the null hypothesis (randomly distributed)
(Pielou, 1977). This is based on the fact that (n− 1)D
has a chi-square distribution with n − 1 degree of
freedom for a random distribution and a constant p.

Intracluster correlation

Intraclass correlation (ρ) measures the tendency of the
plants within a sampling unit (quadrat) to have a similar

disease status. Positive values of ρ indicate aggregation
of disease.ρ can be calculated directly from the quadrat
data as (Fleiss, 1981):

ρ = 1 − 1

p(1 − p)NT (T − 1)

N∑

i=1

Yi(T − Yi)

(4)

where Yi is the number of infected plants in the ith
quadrat, N is the total number of quadrats and T is
the number of plants in a quadrat and is the same for
all quadrats. ρ can also be calculated from equation 1
directly as ρ = (D − 1)/(n− 1), where D is the index
of dispersion assuming n is a constant. In addition, if
the beta-binomial distribution fits the data, ρ is related
to θ as ρ = θ/(1 + θ).

Power–law relationship

It has been shown that for counts data there is usually a
linear relationship between logarithm of the observed
variance and the observed mean (Taylor, 1961), which
can also be interpreted as variance–variance relation-
ship as pointed out above. To estimate this linear
relationship, many pairs of variance and mean are
required. This empirical power–law has successfully
fitted numerous experimental as well as simulated data,
though there is much debate about the biological and
mathematical basis for this relationship.

Hughes and Madden (1992) have modified this
power law for a binary variable, called binary power
law, relating the variance of disease incidence to mean
incidence, with the general form:

var(Y ) = Aπb(1 − π)c (5)

This might be used, e.g., to model the variance–mean
relationship at different times during the development
of an epidemic or to compare data from different exper-
imental treatments. It has provided a good fit to many
data sets (Madden and Hughes, 1995). Frequently
the simpler two-parameter model (i.e., the symmetric
form) with c = b is adequate. This simpler model
implies that the variance is greatest when π = 1/2.
More generally, the maximum variance occurs when
π = b/(b + c), provided b and c are positive. The
θ parameter of the beta-binomial distribution, hence
ρ and D, is also mathematically related to the binary
power law parameters (Madden and Hughes, 1995).
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The interpretation of binary power law parameters can
be found in several published papers (Hughes and
Madden, 1992; Madden and Hughes, 1995; Ridout and
Xu, 2000).

Spatial autocorrelation

Spatial autocorrelation determines the spatial depen-
dence of disease incidence between sampling units over
various lags, thus measuring inter-cluster correlation
in contrast to ρ. Details can be found in Campbell and
Madden (1990). This technique has been successfully
used to characterise the spatial dependence of disease.
Typically, spatial autocorrelation declines exponen-
tially over distance; the rate of this decline indicates
the degree of disease gradient. Spatial autocorrelation
is closely related to the semi-variogram in geostatisti-
cal methods (Burrough, 1987), which has been used to
analyse spatial disease patterns (Chellemi et al., 1988;
Stein et al., 1994; Gottwald et al., 1996).

Xu and Ridout (1998) found the following model
to be useful in describing the relationship of spatial
autocorrelation with mean disease incidence and spa-
tial lag for data generated from computer-simulated
epidemics:

γ (d, π) = Sπu(1 − π)v exp[−td(1 − π)] (6)

where S is a scaling parameter, u and v are power law
parameters, d is the distance, and t determines the rate
of decrease of correlation with distance at fixed inci-
dence. In this model, the relationship between spatial
autocorrelation and incidence at any spatial lag was of
a binary power–law form; at any level of disease inci-
dence spatial autocorrelation declined exponentially
over distance. Ridout and Xu (2000) further showed
that quadrat-based statistics such as index of disper-
sion, intra-cluster correlation and binary power law can
all be derived from a given model that describes the
spatial autocorrelation at the level of individual plants.

Concluding remarks

There are other methods that have been developed
to detect and quantify spatial patterns of plant dis-
eases, such as distance class analysis (Nelson et al.,
1992; Nelson, 1995; Ferrandino, 1998), which requires
data that are more intensive than those methods out-
lined above. This approach is based on the thinking

that the joint disease status of two plants may depend
not only on the distance between them, but also on
their orientation relative to one another, due to the
directional effects in pathogen dispersal under field
conditions. Spatio-temporal stochastic models have
also been fitted directly to experimental data using
Markov Chain Monte Carlo Methods (Gibson, 1997).
A new method was recently developed, called spa-
tial analysis by distance indices (SADIE) (Perry, 1995;
1998). The key concept behind SADIE is the distance
to regularity, i.e. the total effort in terms of distance
moved that individuals in the observed sample must
expend to move such that the individuals in the sam-
ples are spaced as uniformly as possible. The degree of
non-randomness within a data set is quantified by com-
paring the observed spatial pattern with rearrangements
in which the sampled counts are randomly redistributed
among the sampling units.

The spatio-temporal statistics and models are very
useful for describing and summarising observed epi-
demics. However, to compare them between studies,
there is a need to understand their relationships to
the underlying biological and physical processes. In a
series of papers based on simulation studies, Xu and
Ridout (1998; 2000; 2001) demonstrated the impor-
tance of initial epidemic conditions, especially the
spatial pattern of initially infected plants, and the size
and shape of sampling quadrat in relation to prevailing
wind in influencing some spatial statistics, as shown in
a few experimental studies, e.g. for rice sheath blight.
(Savary et al., 1997), as well as the effect of quadrat
size on spatio-temporal statistics (Gottwald et al., 1995;
Madden et al., 1995).

It is not expected that a single method could capture
everything and answer all the questions concerned with
a complex spatial pattern that may be a hierarchical and
multi-scaled phenomenon (Kotliar and Wiens, 1990). It
is thus important for researchers to use appropriate sta-
tistical methods either individually or in combinations
that are most appropriate to their research objectives.
Biological processes are in a constant state of flux and
it is unlikely that all eventualities can be considered
by even the most complex model. This is an important
constraint, for if the model is too complex it may be
impractical. Neither should a model cover all these pos-
sibilities, since, if it does, it is no longer a ‘model’. A
model should be sufficiently complex but no more than
necessary to answer the posed question(s). Although
several modelling activities have been undertaken in
plant disease epidemiology, only one type of model is
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likely to be most used by the agriculture industry, that is
a disease forecasting system. Often, these systems have
been developed, but not properly followed through or
supported in their use. One of the challenges facing epi-
demiologists is to demonstrate convincingly the benefit
of using disease forecasting systems, not only in exper-
imental plots but also on a commercial scale, and to
ensure the systems are used widely and correctly.
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