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Abstract

There is a urgent need to develop a rational strategy for managing Fusarium ear blight in order to reduce
current reliance on routine fungicide applications, based on an objective assessment of disease risks. One of
important components for such a management strategy is a fast, easy, accurate and reliable method for
disease assessment. The relationship between incidence of Fusarium ear blight ear infection and number of
spikelets infected on an ear (or incidence of spikelet infection) were investigated during three seasons and in
four countries in order to derive a simple relationship for predicting disease at the spikelet level using ear
incidence. More than half of the data sets of the number of infected spikelets on an ear could not be fitted
satisfactorily by a Poisson distribution. Three two-parameter discrete distributions (negative binominal,
Neyman type A and Polya-Aeppli) provided a significantly better fit than the Poisson distribution, indi-
cating a degree of aggregation of number of infected spikelets on an ear. Taylor’s power-law satisfactorily
described the observed variance–mean relationship for the number of infected spikelets on an ear; this
relationship was generally consistent over years and countries. A robust relationship between incidence of
ear infection and average number of infected spikelets per ear was obtained assuming a fixed variance–
mean relationship and a negative binomial distribution for the number of infected spikelets. A relationship
between incidences of spikelet and ear infection was also obtained based on the complementary log–log or
logit transformation of ear and spikelet infection incidence. These models appeared to be consistent over
years and countries and thus may be used in making practical disease management decisions involving
fungicide applications.

Introduction

Fusarium ear blight of wheat (scab) (FEB) is a
significant but sporadic threat to wheat production
world-wide (Bai and Shaner, 1994; Parry et al.,

1995; McMullen et al., 1997). In addition to
causing yield losses, Fusarium ear blight is of
greater importance under certain conditions be-
cause of associated mycotoxin accumulation which
can occur in infected grain. Contaminated grain is
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unsuitable for animal and human consumption
due to the adverse health effects of these toxins
(Bhat et al., 1989; Huang, 1992; Li et al., 1999).

The main causal agents of FEB in the EU are
Fusarium culmorum, F. graminearum, Microdochi-
um nivale var nivale and var majus (formerly
Fusarium nivale), F. avenaceum and F. poae. The
toxigenic capabilities of the pathogens causing
FEB varies. The distribution and predominance of
these pathogens is, to a large extent, determined by
climatic parameters, particularly temperature and
moisture. Combinations of these pathogens can
often occur on infected wheat ears and the impact
of the environment on such disease complexes is
poorly understood. There is a general consensus
that FEB is most severe in cereals where cool/
warm and wet conditions occur, especially during
anthesis and the early seed development period
(Bai and Shaner, 1994; Parry et al., 1995; Dubin
et al., 1997; McMullen et al., 1997; Xu, 2003).

In countries where there are histories of severe
epidemics of FEB, a routine fungicide application
is adopted to manage the disease. However, a
prophylactic approach to manage FEB is unde-
sirable both in terms of cost and environmental
concerns. For example, severe epidemics occur
about 1 year in 10 in the UK and thus there is a
potential reduction in fungicide application of 90%
over 10 years if a reliable forecasting system could
be developed. In areas where FEB occurs more
frequently, significant savings could be made by
targeting applications to high risk crops. In
countries where fungicides are not routinely used
for FEB control, there is no rational basis for
fungicide application. Clearly there is a need to
develop a more rational strategy for managing
FEB, based on an objective assessment of disease
risks in individual crops or areas.

A fast, easy, accurate and reliable method for
assessing disease is crucial to an effective man-
agement system based on disease risk. Usually,
disease intensity is measured as incidence (the
number or proportion of diseased plant units), or
severity (the relative area or volume of diseased
plant tissue, sometimes as number of colonies per
plant unit – a density measurement). It can be
measured on different scales such as individual
leaves, shoots or plants (Madden and Hughes,
1995). In general, incidence is easier and quicker to
assess than severity, but severity may be a more
useful measurement for practical disease manage-

ment, and similarly incidence at a higher scale
(e.g., plants) is easier and quicker to assess than
incidence at a lower scale (e.g. leaves, shoots).
Much effort has been devoted to study relation-
ships between incidence and severity measures,
and between incidences assessed at different scales
(Seem, 1984; McRoberts et al., 2003) with the aim
to predict severity or incidence at low scales from
easily recorded incidence data at high scales.
Incidence–severity and incidence–incidence rela-
tionships have usually been studied using correla-
tion and regression analysis and on the basis of the
frequency distribution of density or incidence data
(Seem, 1984; Hughes et al., 1997; Turechek and
Madden, 2001; McRoberts et al., 2003). In an
artificial inoculation study of FEB, incidence of
ear infection was significantly related to severity
(% spikelets infected on infected ears) although
such a relationship varied considerably between
years (Groth et al., 1999).

The objective of this study was to develop a
quantitative assessment model to predict the risk
of FEB and the associated production of myco-
toxins. We report results from investigating the
relationship between the incidence of ear infection
and the number of spikelets infected (severity) with
FEB, with the aim of finding a simple and robust
relationship between incidence and severity, hence
predicting infection of spikelets using the incidence
of infected ears. To achieve this objective, we first
characterised the heterogeneity of the number of
infected spikelets and then developed models for
accurately predicting disease at the spikelet scale
from the ear incidence based on empirical regres-
sion models and statistical distributions.

Materials and methods

Disease assessment

A number of sites were chosen from four coun-
tries: UK, Ireland, Italy and Hungary. The sites
were chosen to represent a range of climatic con-
ditions in Europe where FEB is likely to be a
serious problem on wheat. Fungicides effective
against FEB were not applied during anthesis or
early seed development in the UK, Hungary and
Italy, whereas about 50% of the sites in Ireland
received fungicides. At each site, a sample of 200
ears was collected using a random W-shape
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sampling strategy at the growth stage (GS)69 (end
of flowering) and GS77 (milky ripe) (Zadoks et al.,
1974). The ears were visually assessed for ear
blight by recording the number of spikelets in-
fected on each ear. In 2003, FEB was only assessed
at GS77 as the results in 2001 and 2002 indicated a
low incidence at GS69 (Table 1).

For samples from Italy, only the overall inci-
dence of ear and spikelet infection was available
for each sample and for samples from Hungary
and Italy, average number of spikelets per ear for
each sample was not taken. For samples from UK
and Ireland, the average number of spikelets per
ear ranged from 16 to 25, based on a sub-sample of
20 ears, with an overall average of 20. Hence,
whenever needed, the number of spikelets per ear
was assumed to be 20 for samples from Italy and
Hungary.

Statistical analysis

Understanding heterogeneity in the density of
spikelet infection (i.e. number of spikelets infected
per ear), and how heterogeneity changes with
disease level is important to developing more
reliable incidence–density models, which may be
easier to interpret than empirical regression mod-
els. In this study, we treated the number of spik-
elets infected as a discrete count variable and
investigated the incidence of ear infection in rela-
tion to this density measurement. Next we calcu-
lated the incidence of spikelet infection and then
investigated the incidence–incidence (ear-spikelet)
relationship.

We first determined whether the number of
spikelets infected on an ear was randomly dis-
tributed by fitting several discrete distributions to
the observed data for each individual sample.
Next, Taylor’s power law (Taylor, 1961) was used

to describe the relationship between variance and
mean, and the observed heterogeneity in the
number of spikelets infected. For Italian samples,
distribution and variance–mean analyses were not
possible as there was no information on number of
infected spikelets on each individual ear. Several
models were explored relating disease incidence to
density based on the results from the distribution
and power law analyses and also based on
empirical curve fitting. Finally, we investi-
gated whether it was possible to relate incidences
at the two levels (ear and spikelet). All statistical
analyses were done using GenstatTM (Payne et al.,
1993).

Distribution of disease density
The GenstatTM ‘DISTRIBUTION’ directive was
used to fit four commonly used discrete probabil-
ity distributions (Poisson, negative binomial,
Polya-Aeppli and Neyman type A) to the observed
numbers of infected spikelets per ear (i.e., disease
density) in each sample of 200 ears. The Poisson
distribution is appropriate when the number of
infected spikelets on an ear is randomly distrib-
uted. The other three are two-parameter general-
ised Poisson distributions (Ord, 1972; Freeman,
1980) and they can be used to describe over-dis-
persed or aggregated (clustered) data. Parameters
were estimated using maximum likelihood and
optimised using an iterative Gauss–Newton
method. The sampling units in the statistical
analysis were the individual ears at each sampling
time. Goodness of fit was determined with a v2 test
based on the deviance, which is the sum of squared
so-called ‘deviance residuals’.

Variance–mean relationship of disease density
Taylor’s power law (Taylor, 1961) was used to
describe the relationship between the sample mean

Table 1. Number of samples assessed visually for symptoms of FEB

2001 2002 2003

GS69a GS77 GS69 GS77 GS69 GS77

UK 5/20b 20/20 13/20 19/20 10/10

Hungary 15/15 15/15 9/10

Ireland 0/12 12/12 0/13 13/13 10/10

Italy 10/17 11/19 10/19 10/19 2/9

aGrowth stage according to Zadoks et al. (1974): GS69 – anthesis; GS77 – milky stage.
bNumber of samples with visual symptoms/total number of samples.
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(m) and variance (v) of disease density on all the
assessed ears for each sample

v ¼ amb: ð1Þ

When a ¼ b ¼ 1, there is no aggregation or over-
dispersion over the full range of means. For
parameter estimation, a linearised form of Equa-
tion (1) was used, i.e.,

lnðvÞ ¼ lnðaÞ þ b lnðmÞ; ð2Þ

and the parameters ln(a) and b were estimated by
least squares. Differences in the two parameters
between countries, years and sampling times were
tested.

Relating incidence to density
In all analyses relating incidence to density there
were 140 data points, i.e., the mean number of
infected spikelets on an ear and the incidence of
ear infection for each sample where visual symp-
toms were observed. In this study, our aim is to
predict disease level at the spikelet level using ear
incidence. Nevertheless, in developing models we
used ear incidence as the dependent rather than as
an independent variable in order to achieve con-
sistency among the models to be developed, for
some of which based on distribution theory it is
easy and natural to express ear incidence as the
function of the spikelet data. An inverse relation-
ship can then be obtained to predict disease level at
the spikelet level using ear incidence.

(1) Based on Poisson distributions. An incidence–
density relationship was derived by assuming that
the number of infected spikelets on an ear followed
a Poisson distribution. The probability of an ear
being infected (p) is then related to the mean
number (m) of spikelets infected on an ear by the
equation

p ¼ 1� P ð0Þ ¼ 1� expð�mÞ; ð3Þ

where P(0) is the theoretical probability of ears
with no infected spikelets. Thus, given an estimate
of p, m can be estimated by rearrangement of
Equation (3) as � lnð1� pÞ:

(2) Based on negative binomial distributions. Pre-
liminary results from fitting the four distributions
to the observed data indicated that many data sets
cannot be fitted by a Poisson distribution and the

three two-parameter distributions fitted to these
data sets similarly well (see Results). Hence, we
used the negative binomial distribution for further
investigation since this distribution is widely used in
plant pathology. Thus, the incidence of ear infec-
tion was related to the two parameters (m, k) of a
negative binomial distribution by the equation

p ¼ 1� P ð0Þ ¼ 1� m
k
þ 1

� ��k
: ð4Þ

This was, essentially, a regression problem, i.e.,
estimating parameter k from the observed data (p
and m) with a constraint based on an assumption
that a negative binomial distribution provided
adequate fit to the data. The GenstatTM ‘FIT-
NONLINEAR’ directive was used to fit Equation
(4) to the observed data. Thus, given an estimate
of p, m can be estimated by rearrangement of
Equation (4) using the fitted parameter k value as

m ¼ kðð1� pÞ�1=k � 1Þ: ð5Þ

Equation (4) assumes a constant negative binomial
aggregation index (k). However, it is known that
disease aggregation characteristics tend to vary
with changes in means (Madden and Hughes, 1995;
Xu and Ridout, 1998; Ridout and Xu, 2000; Xu
et al., 2001). Here we took into account this varying
aggregation characteristic by assuming a common
variance-to-mean relationship of Equation (1) for
heterogeneity across all data sets as well as a neg-
ative binomial distribution for the data, so

p ¼ 1� e�mðamb�1�1Þ�1 lnðamb�1Þ; ð6Þ

where a and b are parameters of Equation (1)
(McRoberts et al., 2003). The GenstatTM ‘FIT-
NONLINEAR’ directive was used to fit Equation
(6) directly to the observed data to estimate a and
b, instead of using the parameters estimated using
Equation (2). This is because of the expected dif-
ferences in parameter estimates due to the fact that
in fitting Equation (2) the objective is to minimise
the residual variance in ln(v) whereas in Equation
(6) it is the residual variance in p that needs to be
minimised. Instead, There is no explicit solution
for m in terms of p, and only iterative solutions are
possible.

(3) Empirical regression analysis. The comple-
mentary log–log transformation of the disease
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incidence (CLLðpÞ ¼ lnð� lnð1� pÞÞ) was directly
regressed on the logarithmic transformation of the
average number of infected spikelets on an ear:

CLLðpÞ ¼ lnðcÞ þ d lnðmÞ; ð7Þ
which corresponds to the relationship: p ¼ 1�
expð�cmdÞ. This represents a two-parameter gen-
eralisation of the Poisson model (Nachman, 1981);
the Poisson model is a special case with c = 1,
d = 1.

In addition, the number of ears infected was
assumed to be binomially distributed with an in-
dex equal to the total number of ears in each
sample (i.e., 200) and hence the incidence (pro-
portion) of ear infection (p) was related to the
logarithmic transformation of the average number
of infected spikelets on an ear (ln(m)) by the
logistic equation

ln
p

1� p

� �
¼ d lnðmÞ: ð8Þ

Preliminary analysis indicated that the constant
term in Equation (8) is not significant and hence
was omitted.

Relating incidences at two levels
Assuming the frequency distribution of the num-
ber of diseased spikelets on an ear follows a

binomial distribution, the proportion of ears with
at least one diseased spikelet is given by

pe ¼ 1� ð1� psÞn ð9Þ

where pe and ps are the respective incidence of ear
and spikelet infection and n is the number of
spikelets per ear.

The CLLðpeÞ was directly regressed on
CLLðpsÞ:

CLLðpeÞ ¼ f þ gCLLðpsÞ ð10Þ

In addition, as before the number of ears infected
was assumed to be binomially distributed and
hence incidence of ear infection (pe) was related to
the logit transformation of ps (i.e., lnð ps

1�ps
Þ).

Results

General disease development

Disease incidence varied considerably between
countries as well as between sites within each
country within each year. Over the 3 years, Ireland
had the highest incidence of Fusarium ear blight
and Italy had the lowest (Figures 1 and 2). Across
all the samples, the overall incidence of ear infec-
tion was about 35% in Ireland compared to 22% in

Number of spikelets infected per ear
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Figure 1. Frequency distributions of numbers of FEB-infected spikelets on an ear pooled over all the samples over the 3 years in

Hungary, UK and Ireland. About 4% ears were infected across all the samples from Italy.
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Hungary, 19% in UK and 4% in Italy (Figure 1).
Of the samples with visual symptoms, the median
incidence of ear infection was 0.05, 0.14, 0.15 and
0.62 for Italy, Hungary, UK and Ireland, respec-
tively (Figure 2a); the corresponding median inci-
dence of spikelet infection was 0.004, 0.027, 0.009
and 0.087 (Figure 2b), and on average, about
3.1%, 4.9% and 12.4% of spikelets were infected at
GS77 in UK, Hungary and Ireland, respectively.
In Italy, all samples had <3% spikelets infected
except in four samples from two sites at GS69 and
GS77 in 2002 (Figure 2b). There was no visual
disease at the anthesis sampling for most of the

sites and disease increased considerably at the
second sampling time (milky stage) and most sites
at GS77 had disease (Table 1).

Distribution of disease density

Nearly half (63 out of 140 samples from UK,
Ireland and Hungary) the data sets of the numbers
of spikelets infected on an ear could not be ade-
quately described by a Poisson distribution
(Table 2). The lack of fit is primarily due to the
excessive number of ears either with no infected
spikelets or with almost all spikelets infected in the
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Figure 2. Boxplots of the incidence of visible ear (a) and spikelet (b) infections caused by FEB pathogens in four countries in Europe.

The upper and lower limits of the box indicate the upper and lower quartiles of the distribution and the horizontal line through the box

indicates the median. The ‘whiskers’ extending beyond the box indicate the range of 10th and 90th percentiles; ‘outlying’ points are

shown individually as open circles.
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observed data. For these 63 data sets, the three
two-parameter discrete distributions significantly
improved the fit over the Poisson distribution on
the basis of the difference in the deviance. Never-
theless, there were still 27, 23, and 22 of the 63 data
sets that cannot be satisfactorily fitted by the

negative binomial, Neyman type A and Polya-
Aeppli distributions, respectively. There were large
variations in the estimated aggregation parameter
of the negative binomial distributions (Figure 3).
Most of the data sets that failed to fit the two-
parameter distributions were from Ireland

Table 2. Results of fitting four different probability distributions to the 140 data sets of numbers of infected spikelets on an ear of

Fusarium ear blight in wheat

Poisson Negative

binomial

Neyman

Type A

Polya-Aeppli

UK (total 66 samples with visual disease symptoms)

Not optimiseda 0 0 0 0

v2 significantb 23 6 4 3

Hungary (total 39 samples with visual disease symptoms)

Not optimised 0 0 0 0

v2 significant 15 2 1 1

Ireland (total 35 samples with visual disease symptoms)

Not optimised 0 4 4 4

v2 significant 25 15 14 14

It was not possible to include Italian samples for this analysis, as there were no detailed data available on number of spikelets infected

on each individual ear.
aNumber of data sets in which optimisation failed with no clear reasons.
bNumber of data sets in which the v2 goodness of fit test was significant at P = 0.01. Significance means lack of fit; thus, a small

number indicates that most data sets were well fitted by the corresponding distribution.
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Figure 3. Observed average number of FEB-infected spikelets on an ear and the estimated k parameters of the negative binomial

distributions. Only those data sets that a Poisson distribution failed to fit but a negative binomial distribution fits adequately are

shown.
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(Table 2). There are no easy methods to test sta-
tistically which of the three distributions is most
appropriate because they are not nested.

Variance–mean relationship of disease density

In general, ln(v) increased linearly with increasing
ln(m) for numbers of infected spikelets on an ear
(Figure 4). Most samples that failed to fit a nega-
tive binomial distribution were clustered in the
top-right region of the graph. Although there were
significant differences in the two model parameters
(a and b in Equation (2)) among the four coun-
tries, particularly between Ireland and the others,
these accounted for only an additional 3% of the
total variation in ln(v). Thus a common regression
model was fitted for all the data sets:

lnðvÞ ¼0:798þ 1:199 lnðmÞ
ð0:054Þ ð0:028Þ ð11Þ

where the standard errors of parameter estimates
are in brackets below the corresponding parame-
ter. This equation accounted for 93% of total ob-
served variation in ln(v). The estimate of a in
Equation (1) is exp(0.798) ¼ 2.155. The parameter

a was significantly greater than 1 (ln(a) > 0); the
estimate of the slope parameter b was also signif-
icantly different from 1 (P < 0.01).

Incidence–density and incidence–incidence
relationship

In all the following analyses of incidence–density
and incidence–incidence relationships, Italian sam-
ples were excluded for two reasons. First, there were
only five out of 83 samples with % of infected spik-
elets >1.5%, of these five the four most severe ones
were from the same two sites in 2002. Second, the
relationship between ear and spikelet incidence (or
density) for these five samples differed profoundly
from the general pattern shown by all the samples
from the other three countries (Figures 5 and 6b).

Relating incidence to density
When the number of infected spikelets on an ear
was assumed to follow a Poisson distribution,
predicted numbers of infected spikelets using ear
incidence (Equation (3)) were generally greater
than observed (Figure 5). About 87.7% of varia-
tion in the observed incidence was accounted for
by Equation (3). This over-estimation was due to
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Figure 4. Observed and fitted power-law relationships between variance and mean of disease density (number of spikelets infected per

ear) data of FEB in wheat. (s) – Ireland, (h) – UK, (,) – Hungary. The solid line is the fitted log-linear model (Equation (11)). The

filled symbols are for those samples that cannot be fitted by a negative binomial distribution.
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the aggregated patterns of the number of infected
spikelets on an ear as shown by the distribution
analysis.

The relationship between incidence of infected
ears and number of infected spikelets on an ear
was derived by assuming that the number of in-
fected spikelets on an ear followed a negative
binomial distribution with a constant k over all the
samples. The derived model is

p ¼ 1� P ð0Þ ¼ 1� m
k
þ 1

� ��k

¼ 1� m
1:007

þ 1
� ��1:007

ð12Þ

and the standard error of estimated k is 0.077.
About 92.9% of variation in the observed inci-
dence was accounted for by Equation (13) and this
model was also shown in Figure 5.

Similarly, the relationship between ear inci-
dence and number of infected spikelets on an ear
was derived by assuming that the number of in-
fected spikelets on an ear followed a negative
binomial distribution and assuming a common
variance–mean relationship (i.e. Equation (6). This
model is

p ¼ 1� e�mð2:344m0:357�1Þ�1 lnð2:344m0:357Þ ð13Þ

This relationship between p and m was very close
to the model based on the constant k (i.e. Equation
12) (Figure 5), accounting for about 92.6% of total
variation in p.

The complementary log–log transformation
of the ear incidence was well related to loga-
rithm of the average number of infected spikelets
per ear:

CLLðpÞ ¼ � 0:509þ 0:896 lnðmÞ
ð0:034Þ ð0:018Þ ð14Þ

This relationship (Figure 5) accounted for about
92.0% of variation in p. There were significant
differences between the countries in the two
parameter estimates, but only accounted for <2%
of the variation in CLL(p), hence a common model
(Equation (16)) was used.

The logit of ear incidence (i.e. lnð p
1�pÞ) was lin-

early related to ln(m):

ln
p

1� p

� �
¼ 1:103 lnðmÞ ð15Þ
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Figure 5. Observed and fitted relationships between disease density and incidence of ear infection of FEB in wheat. (s) – Ireland, (h) –

UK, (,) – Hungary, (n) – Italy. Solid line – fitted curve based on Poisson distributions, dot-dot-dashed line – regression model based

on complementary log–log transformation of ear incidence, dashed line – directly fitted curve based on negative binomial distributions

with a constant k, dot-dashed line – directly fitted curve based on negative binomial distributions with log-linear variance–mean
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those samples that cannot be fitted by a negative binomial distribution.
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with a standard error of the parameter estimate of
0.189. This model accounted for 93.2% of total
variation in p.

These five models (Equations (3) and (12)–
(15)) are all shown in Figure 5 together with the
observed data. It is clear that Equations (12) and
(15) are nearly identical as are Equations (13) and
(14). The Poisson based model (Equation (3)) gave
the worst predictions among the five models. The
other four models differed very little and all gave
very accurate predictions when P < 0.7. Correla-
tion between the predicted and observed incidence
was >0.96.

Relating incidences of infected ear and spikelets
Assuming a binomial distribution of diseased
spikelets on an ear, the relationship between these
two incidences is shown in Figure 6a, using the
estimated average number of total spikelets per ear
for each sample. Similar to the results based on the
density, predicted incidence of infected spikelets
using ear incidence (Equation (9)) was generally
greater than observed. About 86.8% of total vari-
ation in the observed ear incidence was accounted
for by Equation (10).

The complementary log–log transformation of
the ear incidence related well to the complemen-
tary log–log transformation of incidence of in-
fected spikelets:

CLLðpeÞ ¼ 2:001þ 0:865CLLðpsÞ
ð0:075Þ ð0:017Þ ð16Þ

This relationship (Figure 6b) accounted for 91.7%
of total variation in pe. There were significant
differences between the countries in the two
parameter estimates, but these only accounted for
<2% of the total variation in CLL(pe), hence a
common model (Equation (16)) was used.

The logit of ear incidence (logit(pe)) was linearly
related to logit(ps):

ln
pe

1� pe

� �
¼ 2:911þ 1:024 ln

ps
1� ps

� �

ð0:639Þ ð0:184Þ ð17Þ

This model accounted for 93.3% of total variation
in pe. These two models (Equations (16) and (17))
were very similar for pe < 0.7 (Figure 6b). Cor-
relation between predicted and observed pe was
>0.96 for both Equations (16) and (17).

Discussion

In this study, we explored the relationship between
incidence of ear infection and number of spikelets
infected on an ear (and incidence of spikelet
infection) for Fusarium ear blight, with the aim of
predicting disease at the spikelet level using inci-
dence of infected ears. When relating incidence to
disease density (number of spikelets infected) using
a mechanistic approach, a critical basis is the type
of distribution that the disease density follows: the
disease incidence can then be estimated using the
zero term of this probability distribution (Hughes
et al., 1997). The present study showed that
numbers of spikelets infected by the FEB patho-
gens on an ear generally did not follow a Poisson
distribution; this lack of fit is mainly due to the
excessive number of ears either with no infected
spikelets or with almost all spikelets infected. This
is not surprising given that most plant diseases are
not randomly distributed (Madden and Hughes,
1995; Hughes et al., 1997). The three generalised
two-parameter distributions (Neyman type A,
negative binomial and Poly-Aeppli distributions)
generally provided a similarly good fit to the
majority of data sets, indicating a certain degree of
aggregation of infected spikelets on an ear. This is
further confirmed by the variance–mean analysis,
which indicated that the variance generally in-
creased linearly with colony density on a log–log
scale. Moreover, it appeared that the variance–
mean relationship is generally consistent over the
three countries. An aggregated pattern of density
data is often observed for plant diseases, e.g., to-
bacco blue mould (Waggoner, 1981), apple pow-
dery mildew (Barlow, 1977; Xu and Madden,
2002), leaf blight of carrot caused by Cercospora
carotae (Boivin et al., 1990), and leek rust (de
Jong, 1995).

There are two likely explanations for the ob-
served aggregation of FEB-infected spikelets on an
ear. First, the observed aggregation may have re-
sulted from aggregation of the inoculum that
landed on individual ears. Second, number of
spikelets initially infected may follow a Poisson
distribution (i.e., random), but subsequent colo-
nisation of previously healthy spikelets may lead
to apparent aggregations of infected spikelets. The
rate of colonisation may depend on weather con-
ditions, host susceptibility, and FEB species. Of
course, it is also possible that the observed
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aggregation was the combined results of aggre-
gated initial inoculum and subsequent colonisa-
tion. However, distinguishing these probable
causes is not a trivial matter.

In the literature, disease density data often
are explicitly fitted by the negative binomial

distribution, for reasons discussed by Xu and
Madden (2002), but mainly for its ease of use and
its integration with variance–mean relationships,
though Xu and Madden (2002) have also demon-
strated that this is also possible for the Neyman
type A distribution. In this study, we have adopted
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Figure 6. Observed and fitted relationships between incidence of FEB on ears and spikelets in wheat: (a) assuming the number of

infected spikelets on an ear is binomially distributed and (b) other models. (s) – Ireland, (h) – UK, (,) – Hungary, (n) – Italy. Solid

line – fitted curve assuming the number of infected spikelets on an ear is binomially distributed (an average 20 spikelets per ear was

used), dashed line – regression model based on complementary log–log transformation of ear and spikelet incidences, dotted line – logit

model. The data from Italy were excluded in deriving the relationships. The filled symbols are for those samples that cannot be fitted by

a negative binomial distribution.
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the Negative binomial distribution as a basis for
developing incidence–density relationships. De-
spite the significant improvement in the goodness
of fit over the Poisson distribution, there are still
27 data sets that cannot be adequately described
by a negative binomial distribution. The failure to
obtain a successful fit is mainly due to fewer ears
with no infected spikelets and a greater number of
ears with almost all spikelets infected than pre-
dicted by the negative binomial distribution. Most
of these data sets were from Ireland, which could
be due to two reasons. First, during the critical
stage the weather was wetter in Ireland than in the
other countries, leading to fast colonisation of the
ears from initially infected spikelets, which might
be random or aggregated due to aggregated inoc-
ulum and/or microclimate on an ear. Second, this
may also be due to the different colonisation
characteristics between FEB pathogens. Species-
specific PCR research of the same samples have
shown that F. culmorum, F. graminearum and
M. nivale were the dominant species in Ireland,
whereas in UK and Hungary the dominant species
is F. poae (results not shown). Fusarium poae is
generally believed to be less pathogenic and
aggressive than other FEB pathogens (Pettersson
and Olvång, 1995; Brennan et al., 2003). The four
samples from two Italian sites showed even more
extreme aggregation of infected spikelets within an
ear, though we do not have detailed information to
quantify the degree of aggregation for these sam-
ples.

Several approaches were used to relate ear inci-
dence (p) to the number of spikelets infected (m)
based on the relationship: p ¼ 1� expð�f ðmÞÞ.
The methods differ in the precise form of f(m). In
method 1, f(m) is given simply by m (i.e., assuming
that number of infected spikelets per ear follows a
Poisson distribution); in the other methods, it is
assumed that the number of spikelets infected per
ear follows an alternative discrete distribution.
Two models were developed on the basis of a
negative binomial distribution assuming that the
aggregation characteristic follows a power-law
variance–mean relationship or that the aggrega-
tion parameter k of the negative binomial distri-
bution is constant. Finally, a two-parameter
generalised Poisson model was also fitted to the
data. Not surprisingly, the Poisson-based model
provided the worst predictions among the four
models, as it did not take the aggregation of in-

fected spikelets on an ear into account. Unex-
pectedly, the two models based on negative
binomial distributions performed similarly well
despite the fact that the one assumed a power-law
variance–mean relationship and the other assumed
a constant k. However, we must remember that
constant k does not necessarily mean constant
aggregation and in fact it implies a quadratic
relationship between variance and mean since
k ¼ m2

v�m. An empirical logistic model also provided
accurate predictions and indeed it is very close to
the model based on constant k.

Similarly, several models were also derived to
relate ear incidence to spikelet incidence. The
incidence–incidence relationship should be the
same as the incidence–density relationship if
the average number of spikelets per ear is the same
for all the samples. Given the relatively small
amount of variation in the average number of
spikelets per ear between samples, it is expected
that the general pattern in these two relationships
should be similar and, indeed, this is the case
(Figures 5 and 6). Similar results were also reported
in the USA on FEB caused by F. graminearum
(McRoberts et al., 2003), using a subset of the data
from Groth et al. (1999), though the relationship
has less scatter than observed here. There are sev-
eral possible explanations for this difference. First,
our data were collected from more than 60 sites
over four European countries, where their data
were from a single region. Second, our samples
were from field wheat naturally infected whereas
their data were from artificially infected plots. Fi-
nally, there are several FEB pathogens present in
our samples as shown by the detective PCR study
(results not shown here) while F. graminearum is
the only species in USA causing FEB on wheat.

In conclusion, this study showed that there is a
degree of aggregation in the number of infected
spikelets on an ear for FEB and that the degree of
aggregation varied with the mean according to a
power law. It was feasible to predict mean density
of infected spikelets per ear (or incidence of spik-
elets infection) from the incidence of ear infection.
Because the relationships were generally consistent
over seasons and countries, it should be possible to
use them in making efficient disease management
decisions based on either incidence or colony-
density thresholds. Of these models, the empirical
logistic model is worth singling out as it has only
one parameter and does not dependent on any
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distribution assumptions. However, further vali-
dation of these models will ultimately be needed
using independent data. In addition, these models
may not be accurate when considerable secondary
colonisation has taken place on infected ears after
initial infections and this is especially likely to
occur during anthesis and early seed development
stages when conditions are wet. Under these cir-
cumstances, the model is likely to underestimate
the disease severity.
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