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ABSTRACT

Sclerotinia stem rot is one of the most damaging diseases of canola in many areas of the world, including Iran. The
relationship between disease incidence (I) and severity (S) is important because incidence is quicker and easier to
measure than severity. The I-S relationship of SSR of canola was studied in Mazandaran and Golestan provinces,
northern Iran. Statistical analyses were performed on data collected from 80 fields in four different regions (Galogah,
Ali Abad, Dashte Naz, and Gonbad) during two consecutive years (2010 and 2011). Results of linear regression
analyses using raw and In, complementary log-log, and sqrt transformed data showed that all of four models could
appropriately describe the /-S relationships in this pathosystem. Comparisons of parameters showed that slope of linear
and sqrt models for Gonbad region was significantly (P < 0.05) different from other regions. Based on residual plots
and lack of fit tests, allometric (In of I and S) model had the best fit with evaluated disease intensities. SSR severity can
be calculated with equations S = (0.526) I 2 and S = (0.819) I %7 for Gonbad and other three regions, respectively.
KEYWORDS: Sclerotinia sclerotiorum, Brassica napus, Sclerotinia stem rot, epidemiology, /-S relationships

INTRODUCTION

Sclerotinia stem rot (SSR), caused by Sclerotinia sclerotiorum, is one of the most damaging diseases of canola
(Brassica napus) in the world [1, 2]. In Iran, SSR is observed mostly in canola growing areas in the northern provinces,
especially Mazandaran and Golestan. Barari et al [3] surveyed the areas of Mazandaran province and found the disease
was present in all canola growing areas, with an average incidence of 12.3 to 54.4%. SSR incidence in the Golestan
province ranged from 1 to 82% and from 3 to 78 % in 2010 and 2011, respectively. Yield loss of canola in the province
due to SSR was assessed as 0.3 to 34.7% [4].

Disease incidence is defined as the proportion (0 to 1) or percentage (0 to 100) diseased entities within a sampling
unit, whereas, severity is the quantity of disease affecting entities within a sampling unit. Severity is defined as the area (or
volume) of plant tissue affected by disease [5]. Incidence is generally perceived to be quicker and easier to assess than
severity, and assessments for incidence are often more accurate, precise, and reproducible than measures of severity [6].
Assessment of disease severity under field conditions is tedious, costly, and time-consuming, and may be prone to bias and
experimental error [7]. Even when standard area diagrams and other types of severity assessment keys and scales are used
to facilitate disease assessment, inaccurate severity assessments may still occur [8]. Despite these drawbacks, disease
severity is often considered to be a more important and useful measure of disease intensity than disease incidence for
quantification of yield loss and for determining the effectiveness of disease management strategies. Therefore, a model of
the quantitative relationship between incidence and severity could greatly facilitate the evaluation of disease intensity when
the accuracy of disease severity assessments is questionable or not available [9, 5,10].

Models quantifying the relationships between incidence and severity [11,12,13,9,10,14] and relationships between
these measures of disease intensity at different spatial scale hierarchies [15,16 ,17,18,14,19] have been developed in
several pathosystems. These relationships differ from one pathosystem to another and may be influenced by the cultivar
and plant organ (sampling unit) assessed, time of disease assessment during an epidemic, growing season, location and
treatments applied to the assessed plots (experimental units) [5]. Thus, it would be important to use these models to
quantify and understand the relationship between incidence and severity of diseases prior to applying them over
multiple years and locations under a range of cropping/management scenarios to ascertain which model best provides
consistently strong relationships between incidence and severity of diseases [20].

Relationships between disease incidence (I) and disease severity (S) are described by several different types of
models, including the allometric family [/ = aS"], restricted exponential family [/ = b (1-¢*)], polynomial family [/ = a
+ bS'7], linear relationship [S = a + BI] and trigonometrical family [/ = tanh (aS)]. These models point out some
limitations in the practical use of incidence-severity relationships. Most limitations derive from the lack of consistency
of the model with reference to location, season, stage of epidemic and host genotypes [20].

James and Shih [21] used an exponential equation to describe the incidence-severity relationship in the powdery
mildew system of wheat. A linear regression was shown to be appropriate to estimate severity from incidence data, but
only until incidence reached 65% within the season; thus the model was not geographically independent, but was
dependent on crop cycle.
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Severity estimates can be reliable when made by trained persons who are supported by pictorialized keys and who
regularly compare results [7]. The reproducibility of severity estimates among observers is generally poor. Severity
estimates as a means to establish damage thresholds for foliar diseases cannot be recommended. For example, a farmer
concerned about his crop readily overestimates severity. In practice, there is little objectivity in severity estimates [8,22].

Counting is more precise than estimation, and many studies have relied upon incidence counts rather than on
severity estimation. Incidence is determined by following a clear and rigid sampling and counting protocol. The results
have been reproducible among researchers, although instruction and training is needed here, as well. At low disease
intensity levels, there is often a good correlation between severity and incidence, however, at high disease intensity
levels, the relationship between incidence and severity becomes less clear. Much of the early work on incidence-
severity relationships was ill-spent because it was aimed at high severities, when it was too late to affect disease
dynamics, instead of at low severities to generate more timely disease warnings [22].

Incidence data are binary values which measured by counting. Severity can be measured as an area or proportions
of diseased tissues. Both of these data can be analyzed by so-called parametric statistical methods (e.g. analysis of
variance [ANOVA] and ¢ tests) [23]. Plant pathologists assess severity of most diseases by an ordinal scale (pictorial or
descriptive). It is easy to see that, with ordinal scales, differences between the measured values are not interpretable, at
least in a quantitative sense. Parametric methods of analysis using statistics based on means, or differences between
means (such as ANOVA), and thus, strictly speaking, inappropriate for analyzing data on an ordinal scale. It is possible
to transform rating data to develop a disease score (commonly called a disease severity index = DSI) that is analogous
to a continuous scale variable with a normal distribution [24].

Relationships between incidence and severity have not studied for SSR diseases on any crops, yet, and for most
studies involving SSR, only incidence have been used as a measure of disease intensity. The objectives of this study
were to: (i) determine if there is a significant and consistent relationship between incidence and severity of SSR of
canola in the Mazandaran and Golestan provinces in north of Iran, and (ii) determine whether severity can be reliably
predicted from disease incidence data.

MATERIAL AND METHODS

Disease assessment location

Data used in this study were obtained from 80 canola fields (cv. Hyola 401) in four different regions (Galogah, Ali
Abad, Gonbad and Dashte Naz) of the Mazandaran and Golestan provinces in north of Iran (10 fields per region) during
two growing seasons (2010 and 2011).
Disease quantification and data analysis

After flowering (during March), canola fields were scouted in a regular program (every week) and disease
intensity was recorded. Approximately 500-600 plants per field were randomly selected and assessed for recording SSR
intensity. Disease incidence (/) was determined using formula / = 3 [x/N] where x is the number of diseased plants and
N is the total number of evaluated plants (Cardoso et al. 2004)[11]. Disease severity (S), which is known sometimes as
disease severity index, [20] was estimated as S = ) (x;n;)/SN [11], in which x; represented disease severity grade based
on a descriptive scale (0: no disease, 1: small branch infected, 2: large branch infected, 3: stem at least 50% girdled, 4:
plant dead, but some yield is harvested, 5: plant dead, poor yield) [24], and #; indicates the number of diseased plants on
the ith grade of the disease scale [11]. The data were edited to remove observations with no diseased plants (i.e., I =0
and S = 0), since the I-S relationship is only defined when disease is present.
Modeling the I-S relationship

Disease incidence and severity assessments were first plotted against one another to visually display overall trends.
Linear regression analysis was performed to find the mathematical association between incidence and severity of SSR
of canola. Four different models (linear, natural logarithm, complementary log-log (abbreviated by CLL), and square
root) were used to explain the /-S relationships in different years and locations (Campbell & Madden 1990, McRoberts
et al. 2003)[6,20]. In the other words, linear regression analyses were performed on the pairs of data as: /-S, In(/)-In(S),
In[-In(1-1)]- In[-In(1-S)], and sqrt(/)-sqrt(S) for mentioned models, respectively. Regression models evaluated were as
follows:

S=a+bl (M

In(5} = a + bIn{l) )
CLL(5) = a + bCLL{J) 3)
Sqrt(5) = a + b Sqrt(l) (4)

Model fit was evaluated based on criteria recommended by Cornell & Berger [25] and Campbell & Madden [6],
and their corresponding statistics. All statistical analyses and plotting were performed by StatGraphics Centurion XV
Version 15.2.05 (StatPoint Inc.) software. To compare models using different transformations of the dependent
variables for goodness-of-fit, predicted transformed S was back-transformed and coefficient of determination (R?)
calculated based on these values (R*?) [6].
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RESULTS

Disease intensity

SSR intensity varied across regions and years and within each data set (Fig. 1). Overall, final disease incidence
ranged from 0.01 to 0.81, and 0.03 to 0.78 for 2010 and 2011, respectively, and final disease severity ranged from 0.006
to 0.668, and 0.017 to 0.63 for 2010 and 2011, respectively. Averaged final disease incidence ranged from 0.107 to
0.221, for Dashte Naz and Ali Abad regions, respectively, while averaged final disease severity ranged from 0.056 to
0.172, for Gonbad and Ali Abad regions, respectively (Fig. 1).
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Fig. 1. Box plots summarizing the distribution of A, incidence and B, severity of Sclerotinia stem rot of canola for four
regions of Mazandaran and Golestan provinces in Iran during 2010 to 2011. The solid lines within the box represent the
median, while the top and bottom lines of the box represent the 75th and 25th percentiles of the data, respectively.
Vertical bars extending the boxes represent the 10th and 90the percentiles, and circles indicate outliers.

Modeling the I-S relationship

Based on the value of adjusted coefficient of determination (R,?), the linear relationship between raw and three
type-transformed disease incidence and severity could appropriately describe the /-S relationships in this pathosystem
(Table 1). Except for two cases in Gonbad-2010 data set, the R,? values for all regions in two years was greater than 90
percent (Fig. 2).

Both parameter estimates for all of four models were highly significant (P < 0.0001) for all data sets (Table 1).
Estimated slopes (b) and intercepts (a) varied somewhat from one data set to another, suggesting a variation in the
relationship between / and S among the regions. Estimated intercepts were -0.013 to -0.002, -0.996 to -0.032, -1.122 to -
0.052, and -0.032 to -0.010 for linear, Allometric, CLL and Sqrt models, respectively. Estimated slopes of linear and
Sqrt models were significantly (P < 0.05) different among the regions (Table 2). In both of cases, estimated b values of
the mentioned models in Gonbad region were lower than three other regions (Fig. 3). Based on this difference, another
series of analyses were performed for Gonbad data during 2010-2011 and for pooled data of other three regions during
2010-2011. In this case, all four mentioned models could appropriately describe the relationships between / and S
(Table 3). Based on F-value, R.%, and R*?, all four models were acceptable, but based on residual plots and lack-of-fit
test, only Allometric and complementary log-log models were accepted (Table 3). Overall, Allometric model (In
transformation of 7 and S values) was selected as the best fit model for describing /-S relationship in this pathosystem
under the conditions of Mazandaran and Golestan provinces of Iran, based on the mentioned statistics and simplicity
(Fig. 4).
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Table 1. Summary of the regression analyses of the relationship between raw and three different type-transformed
disease incidence and severity of Sclerotinia stem rot of canola in four regions of Mazandaran and Golestan provinces,

Region

Galogah

Ali
Abad

Dashte
Naz

Gonbad

Year

2010

2011

2010

2011

2010

2011

2010

2011

Obs.

38

55

36

49

28

37

32

59

Model”

Linear
Ln
CLL
Sqrt
Linear
Ln
CLL
Sqrt
Linear
Ln

CLL
Sqrt

Linear
Ln
CLL
Sqrt
Linear
Ln
CLL
Sqrt
Linear
Ln
CLL
Sqrt
Linear

Ln

CLL
Sqrt
Linear
Ln
CLL
Sqrt

a
-0.002
-0.032
-0.052
-0.010
-0.008
-0.087
-0.131
-0.024
-0.005
-0.290

-0.387
-0.011

-0.010
-0.158
-0.283
-0.029
-0.004

-0.039
-0.066
-0.015
-0.003
-0.304
-0.364
-0.015
-0.013
-0.996

-1.122
-0.032
-0.004
-0.569
-0.667
-0.028

north of Iran, during 2010 and 2011

se (a)
0.001
0.170
0.168
0.005
0.002
0.067
0.065
0.005
0.004
0.084

0.080
0.007

0.003
0.071
0.068
0.005
0.002

0.104
0.101
0.005
0.002
0.140
0.132
0.008
0.004
0.215

0.197
0.013
0.001
0.068
0.066
0.002

b

0.803
1.089
1.085
0.910
0.836
1.112
1.103
0.934
0.775
1.035

1.011
0.875

0.778
1.139
1.107
0.902
0.877

1.078
1.072
0.952
0.767
1.029
1.014
0.894
0.517
1.035

1.002
0.708
0.405
1.234
1.212
0.677

se (b)
0.028
0.042
0.041
0.031
0.015
0.021
0.020
0.016
0.018
0.026

0.025
0.020

0.013
0.023
0.023
0.014
0.021

0.029
0.028
0.022
0.018
0.046
0.044
0.026
0.025
0.077

0.071
0.041
0.009
0.019
0.019
0.011

Statistics®
R2 R
0.955  0.956
0.948 0961
0.949 0961
0.959  0.956
0.982  0.983
0.982  0.987
0.982  0.988
0.980  0.983
0.980  0.981
0.979  0.983
0.980  0.987
0.982 0981
0.987  0.987
0.980 0991
0.980  0.990
0.988  0.987
0.984  0.985
0.981 0.988
0.981 0.988
0.986  0.985
0.980  0.981
0.934  0.981
0.937  0.980
0.970  0.981
0.934 0936
0.853  0.942
0.863 0961
0.904 0936
0974 0974
0.986  0.984
0.986  0.984
0.984 0.974

MSE
0.000
0.047
0.047
0.000
0.000
0.036
0.037
0.000
0.000
0.041

0.043
0.000

0.000
0.044
0.048
0.000
0.000

0.032
0.032
0.000
0.000
0.067
0.068
0.000
0.000
0.132

0.130
0.001
0.000
0.017
0.017
0.000

F value
790.6
680.5
683.8
847.0
3046.0
29252
2978.0
2716.2
1752.2
1638.6

1693.9
1868.4

3687.1
2356.6
2363.9
3943.1
1699.2

1387.0
1413.1
1935.8
1787.3
507.3
540.1
1180.8
441
181.0

196.5
293.9

2103.9
4125.9
4244 4
3619.5

Residual plot
Not OK
OK

OK

Not OK
Not OK
OK

OK

OK

Not OK
OK

OK
Not OK

Not OK
OK
OK
OK
Not OK

OK
OK
OK
Not OK
OK
OK
OK
Not OK
OK

OK
OK
Not OK
OK
OK
Not OK

a Total number of observations (pairs of incidence and mean severity) used to fit regression models. Observations with 0% omitted from all data sets

because then severity is also 0, by definition

b Equations of the models: Linear {¥ = .1 + a}, Ln {In(S) = fIn(J) + In(a)}, CLL {In[-In(1-S)] = SIn[-In(1-7)] + a}, and Sqrt {Sqrt(S) = ASqrt(/) +

¢ Estimates of the intercept (a) and slope (b) of the regression lines; se = standard error of the estimate; R,> = adjusted coefficient of determination;
"2 = gquared correlation between actual severity and back-transformed predicted severity; MSE = mean square error; and F value = F statistics from

the regression analysis of variance. All F values were highly significant (P < 0.001), meaning that » was different from 0.

Table 2. Analysis of variation for the slope of four models describing the relationship between disease incidence and
severity of Sclerotinia stem rot of canola in four regions of Golestan province, north of Iran, during 2010 and 2011
Mean Square®

S:0.V. Df Linear Ln CLL Sqrt
Region 3 0.062 * 0.002 n.s. 0.002 n.s. 0.029 **
Year 1 0.004 n.s. 0.009 n.s. 0.009 n.s. 0.000 n.s.
Residual 3 0.002 n.s. 0.006 n.s. 0.006 n.s. 0.000 n.s.
Total 7

?n.s., ¥, and ** = nonsignificant and significant at P < 0.05 and 0.01, respectively
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Table 3. Summary of the regression analyses of the relationship between raw and three different type-transformed
disease incidence and severity of Sclerotinia stem rot of canola in four regions of Golestan province (Galogah, AliAbad
and Dashte Naz, HAK; Gonbad, G)

s
Region  Obs.”  Model® Statistics
a se (a) b se (b) R} R*? MSE F value Residual plot Lack of fit*
HAK 243 Linear -0.004 0.001 0.779 0.007 0.982 0.985 0.000 13190.4 Not OK 0.000
Ln -0.199 0.042 1.069 0.013 0.968 0.986 0.055 7244.7 OK 0.998
CLL -0.273 0.040 1.051 0.012 0.969 0.987 0.057 7402.9 OK 0.999
Sqrt -0.015 0.002 0.894 0.009 0.978 0.984 0.000 10594.0 Not OK 0.155
G 91 Linear -0.008 0.001 0.484 0.013 0.938 091 0.000 1362.7 Not OK 0.000
Ln -0.642 0.095 1.200 0.029 0.951 0.915 0.067 1753.6 OK 0.078
CLL -0.769 0.091 1.169 0.028 0.952 0.908 0.068 1777.2 OK 0.081
Sqrt -0.032 0.004 0.699 0.017 0.948 0.892 0.000 1646.1 Not OK 0.000

a Total number of observations (pairs of incidence and mean severity) used to fit regression models. Observations with 0% omitted from all data sets
because then severity is also 0, by definition.

b Equations of the models: Linear {Y = ./ + a}, Ln {In(S) = fIn(/) + In(a)}, CLL {In[-In(1-S)] = fIn[-In(1-/)] + a}, and Sqrt {Sqrt(S) = fSqrt(/) +
¢ Estimates of the intercept (a) and slope (b) of the regression lines; se = standard error of the estimate; R, = adjusted coefficient of determination;
R = squared correlation between actual severity and back-transformed predicted severity; MSE = mean square error; and F value = F statistics from
the regression analysis of variance. All F values were highly significant (P < 0.001), meaning that » was different from 0.

d P-value of Lack of fit test.
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Fig. 2. Relationship between incidence and severity of Sclerotinia stem rot of canola for untransformed (A, C, E, G) and
In transformed (B, D, F, H) data from 40 fields in four regions of Mazandaran and Golestan provinces, in northern Iran
during 2010-2011: Galogah (A, B); Ali Abad (C, D); Dashte Naz (E, F); and Gonbad (G, H).
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DISCUSSION

A highly significant (P < 0.0001) relationship between incidence and severity of Sclerotinia stem rot of canola was
observed for all data sets at each region in each year (Table 1). Despite the variation in severity at a given incidence, the
relationship was fairly consistent among data sets. The model based on In-transformation of incidence and severity
(equation 2) performed consistently well on all data sets, explaining between 85 and 99% of the variation in severity on
a In scale. The squared correlation between S and predicted S was between 0.94 and 0.99. As expected, severity was
estimated more precisely at lower incidence values than at higher values (Fig. 2 and 4).

It should be noted that a significant relationship does not necessarily mean that precision is high enough for a
model to be used for predictions, since achieved significance level is highly influenced by the number of observations
(Paul et al. 2005)[9]. In order for the regression evaluation to be useful, the calculated (i.e., achieved) F’ value statistic
from a model fit (Table 1 and 3) needs to be at least four to five times larger than the critical F value (F*) for a
significant result at the chosen probability value (such as P = 0.05). With the number of observations being analyzed
here (Table 3), F* = 3.90 and 3.96 for a significant fit at P = 0.05 for HAK (Galogah, Ali Abad and Dashte Naz
regions) and G (Gonbad region) data sets, respectively. The achieved F' value were 7244.7 and 1753.6, which were
1857.6 and 442.8 times larger than F* for HAK and G data sets, respectively. Clearly, by this standard, the fitted In(S)-
In(7) models had sufficient precision for predictions as well as for describing the relationship between severity and
incidence. Based on the statistics (Table 3), final models for estimating SSR severity using incidence are:

S=(0.819) 1197 ®)
S=(0.526) I'? 6)

for HAK (Galogah, Ali Abad and Dashte Naz regions) and G (Gonbad region) data sets, respectively.

Other models evaluated in this study, provided satisfactory fit for all of data sets. In particular, model based on
CLL transformation of S and / resulted in R,” and R™ values comparable to those resulting from the fit of the In(S)-In(I)
model. Paul et al. [9] after evaluating several transformations of Fusarium head blight of wheat values concluded that
the CLL is the most appropriate model for describing I-S relationships in this pathosystem. They rejected the other
models because none of those models constrains predicted severity to be <1 (100%), but in this study, all of four
evaluated models showed this activity and are acceptable, based on this criterion.

Three basic interrelated approaches for study of relationships between incidence and severity of plant diseases are
(1) correlation and regression methods; (ii) multiple infection methods; and (iii) measurement of aggregation and
representative discrete distribution (Madden and Hughes, 1995)[16]. We used the first approach and data transformation
minimized the problem of non-uniform variances associated with the use of regression methods. The key step in
modeling I-S relationships is using the parameters of the distribution to estimates the probability of a zero (i.e., the
probability of being disease free [26]. It is suggested that when severity is considered to be a continuous variable, as
was done in this study (because of transforming mean severity of diseased plants [discrete data] to DSI [= S, which is a
continuous data]), the use of an empirical curve-fitting approach is appropriate to establish a functional relationship
between the two measures of disease intensity. This is because there is inadequate knowledge of the statistical
distribution of severity as a continuous random variable [26, 27].

Although empirical, beside the Allometric model, equation 3 provided a biologically meaningful representation of
disease incidence and severity in a field (Table 1 and 3). This can be seen by expressing equation 3 in nonlinear form:

§=1-exp(—g(—In(1 —IN? (7

in which ¢ = exp(a). When b = 1, equation 7 reduces to S = 1- (1 — )¢, a common model for discrete disease data
at multiple hierarchical scales in a canopy (Groth et al. 1999)[28], with ¢ < 1 (or a < 0). Hughes et al.[26]explain how,
when b = 1, ¢ is an empirical metric related to the magnitude of severity at a given incidence and also a parameter of the
incomplete beta function related to the relative area of SSR severity per plant. Treating b as an unknown constant (to be
estimated) adds to the flexibility of equation 5. The parameters ¢ and b jointly control both the shape and steepness of
the severity—incidence curve, although only the latter affects the steepness of the CLL-CLL line. Equation 5 and its
special case (b = 1) describe a relationship where S initially increases slowly with increasing /, followed by more rapid
increase in S with 7 at high I. This agrees with our results for SSR. More formally, this relationship of the two disease
intensities can be characterized by using the rate of increase in S with unit increase in I (dS/dI) at a fixed time, which is
given by
d5  gb(~In(l —I))*
¢l (I-Dnd-n

dS/dl was <1 over most of the range of incidence for the 8 data sets; with the parameter estimates in this study,
dS/dI only exceeded 1 at an incidence of =0.8 or higher for Ali Abad region (Fig. 5). Figure 6 shows the estimated dS/dl
for different regions of this study, which was significantly (P < 0.05) different.

Equation 7 is undefined at both severities and incidences of 0 and 1. More formally, S goes to 0 as / approaches 0
in the limit, and S goes to 1 as 7 approaches 1 in the limit, which completes the range specification for /-S. In a sample,
however, it is possible to obtain 0 or 1 for incidence (or severity), which can present complications in data analysis. As
mentioned previously, observations with / = 0 (and thus, S = 0) should be removed before data analysis, since the /-S
relationship is defined when disease is present. In cases of / = 1, some analytical methods presented [9], but we do not
have such data.

exp(—q(~1a(1 — D}?) ®
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For the CLL(S)-CLL(/) model, there was a remarkable similarity of the slopes (on the transformed scale), with the
absolute values of estimated b being slightly (and frequently significantly) above 1 for two of the data sets (Fig. 5).
These results were similar to those reported by Xu et al. [19] and Paul et al. [9] for the relationship between CLL-
transformed spikelet and spike incidence levels of Fusarium head blight in Europe and lowa, respectively. They
reported a slope of 1.156 and 0.833-1.497 and an intercept of —2.313 and -1.73, similar to our results in Table 3. The
variation among the data sets primarily was in terms of the estimated intercepts, reflecting height differences in the
CLL(S)-CLL(]) lines.

The low value of dS/dI over most of the incidence range (Fig. 5) has important consequences for temporal
progress of severity and incidence. Using the arguments in Hughes et al. [26], if dI/dt is the rate of increase in
incidence, then the rate of increase in severity is given by

a5 aly rd5
dt (er '(dIJ (N

Whenever dS/dl is <1, the temporal rate dS/dt must be less than dI/dt, no matter what equation is used for dl/dt.
Ultimately, dS/dt will exceed dI/dt when most plants are already infected but there is still a substantial area of each plant
unaffected by the disease (low severity scales). Differences in the rates of increase in incidence and severity have been
attributed to the occurrence of two distinct types of infection, allo- and auto-infection [11,5] for polycyclic diseases. An
increase in incidence results from allo-infection (spread among plant units), whereas an increase in mean severity within
a sampling unit results from both allo- and auto-infection (spread within infected plants — increasing severity scales)
[9,29, 22]. Using simulation models, Willocquet & Savary [30] demonstrated that the time taken for maximum disease
incidence (/ = 1) to occur decreased with increasing allo-infection. However, in the case of SSR, which normally
functions as a monocyclic disease, the infection of new healthy plants from primary inoculums (analogous to allo-
infection) was probably higher than the spread within infected plants (analogous to auto-infection), at least until most
plants were infected, resulting in a lower severity than incidence (and dS/dl < 1). Jeger et al. (1983) [27] suggested that
increase in disease incidence over time was related to the availability of inoculum. Pataky & Headrick [13] reported that
the relationship between incidence and severity for common rust of sweet corn varied with distance from a source of
inoculum. Paul ef al. [9] reported an initially high incidence (relative to severity) of Fusarium head blight due to high
inoculum density and misting in the wheat nurseries.

Primary infection of canola by S. sclerotiorum occurs by ascospores produced in apothecia. Mycelial germination
from sclerotia contributes minimally, if at all, to the development of epidemics [31, 32]. In our field studies, however,
we observed that secondary spread of disease occurred in the field mainly via contacts between healthy and diseased
plants. By this manner, secondary infection through mycelium (and increase of disease incidence) continued up to a
short time before harvesting. This period is critical in some fields that have favorable conditions for disease
development such as dense canopy, high N fertilizer input and varieties with massive vegetative growth. These
conditions may cause lodging in some fields which in turn, increase dramatically the disease incidence [33,34].

The estimation of mean severity from incidence would substantially reduce the work load in disease quantification
in field surveys and treatment comparisons [35]. It is less time-consuming than direct assessment of severity and
generally requires less training of assessors [36]. Once assessors can distinguish between diseased and healthy plants,
incidence can be quantified reliably at multiple locations, and large data sets can be acquired in relatively little time.
This should greatly facilitate the comparison of epidemics in treatment evaluations, field surveys, and some resistance
screening. In breeding programs where potentially thousands of varieties are assessed for SSR reaction, the estimation
of incidence, and not severity, would save considerable resources [3, 37,17, 38]. These advantages of incidence are
rational when the /-S relationships for the specific locations and/or climates established [3, 39]. In this study, in three
locations including Galogah, Ali Abad and Dashte Naz, for each one percent increase in SSR incidence, there was a 0.8-
0.9 percent increase in severity. In Gonbad (which has a hotter and drier climate), however, had a less favorable
conditions for disease spread, and for each 1 percent increase in disease incidence, there was approximately 0.5 percent
increase in disease severity. It is suggested to determine /-S relationship in each geographical and climatologically
“zone” before conducting other epidemiological studies such as crop loss assessment, because in lack of this
relationship (and converting / values to S values), these studies and their results will not have enough validity. As a
practical result, characterizing the functional relationship between incidence and severity is still critically important,
because through this relationship researchers can identify the genotypes or locations (with a specific climate) with
unusually large or small severities for a given incidence [20].
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dS/dl = (2.9)F - (3.7)E + 27+ 0.5
R?*=10.984
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Fig. 5. Rate of increase in severity (S) with unit increase in incidence (/) (dS/dI) of Sclerotinia stem rot of canola in
region Ali Abad of Golestan province, in northern Iran during 2010-2011. Curves based on equation 6, with parameter
estimates in Table 1 (and ¢ calculated as exp(a)).
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Fig. 6. Rate of increase in severity (S) with unit increase in incidence (/) (dS/dl) of Sclerotinia stem rot of canola in
four regions of Mazandaran and Golestan provinces, in northern Iran during 2010-2011

697



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Alamdarloo and Aghajani,2015

REFERENCES

Anonymous, 2005. Crop Protection Compendium, 2005 Edition. Wallingford, UK: CAB International.
www.cabicompendium.org/cpc.

del Rio, L.E., C.A. Bradley, R.A. Henson, G.J. Endres, B.K. Hanson, K. McKay, M. Halvorson, P.M. Porter,
D.G.L. Gare and H.A. Lamey, 2007. Impact of Sclerotinia stem rot on yield of canola. Plant Dis. 91: 191-194.

Barari, H., H. Zamani Zadeh, D. Ershad and A.R. Foroutan, 2000. Distribution of Sclerotinia stem rot of canola in
Mazandaran province. Proceeding of the Iranian14th Plant Protection Congress. Isfahan, Iran 2: 295. (Abstract).

Aghajani, M.A., N. Safaei and A. Alizadeh, 2010. Impact of Sclerotinia stem rot on canola yield in Golestan
province. Proceeding of the Iranian 19th Plant Protection Congress, Tehran, Iran 2: 215. (Abstract).

Seem, R.C., 1984. Disease incidence and severity relationships. Annu. Rev. Phytopathol. 22: 133-150.

Campbell, C.L. and L.V. Madden, 1990. Introduction to Plant Disease Epidemiology. John Wiley & Sons, New
York.

Guan, J. and F.W. Nutter, Jr., 2003. Quantifying the interarater repeatability and interrater reliability of visual and
remote-sensing disease-assessment methods in the alfalfa foliar pathosystem. Can. J. Plant Pathol. 25: 143-149.

Nutter, Jr. F.W., 2001. Disease assessment. Pages 312-323 in: Encyclopedia of plant pathology, O.C. Maloy and
T.D. Murray, eds. John Wiley & Sons, Inc.

Paul, P.A., P.E. Lipps and L.V. Madden, 2005. Relationship between visual estimates of Fusarium head blight
intensity and deoxynivalenol accumulation in harvested wheat grain: A meta-analysis. Phytopathology 95: 1225-
1236.

Silva-Acuna, R., L.A. Maffia, L. Zambolim and R.D. Berger, 1999. Incidence-severity relationships in the
pathosystem Coffea arabica-Hemileia vastatrix. Plant Dis. 83: 186-188.

Cardoso, J.E., A.A. Santos, A.G. Rossetti and J.C. Vidal, 2004. Relationship between incidence and severity of
cashew gummosis in semiarid north-eastern Brazil. Plant Pathol. 53: 363-367.

Chuang, T.Y. and M.J. Jeger, 1987. Relationship between incidence and severity of banana leaf spot in Taiwan.
Phytopathology 77: 1537-1541.

Pataky, J.K. and J.M. Headrick, 1988. Relationships between common rust incidence and severity on a susceptible
and a partially resistant sweet corn hybrid. Phytopathology 78: 1155-1160.

Xu, X. and L.V. Madden, 2002. Incidence and density relationships of powdery mildew on apple. Phytopathology
92:1005-1014.

Hughes, G., N. McRoberts, L.V. Madden and T.R. Gottwald, 1997. Relationships between disease incidence at
two levels in a spatial hierarchy. Phytopathology 87: 542-550.

Madden, L.V. and G. Hughes, 1995. Plant disease incidence: Distributions, heterogeneity, and temporal analysis.
Annu. Rev. Phytopathol. 33: 529-564.

McCartney, H.A., M.E. Lacey, Q. Li and A. Heran, 1999. Airborne ascospore concentration and the infection of
oilseed rape and sunflowers by Sclerotinia sclerotiorum. 10th international rapeseed congress, Canbera, Australia,
430.

Turechek, W.W. and L.V. Madden, 2003. A generalized linear modeling approach for characterizing disease
incidence in a spatial hierarchy. Phytopathology 93: 458-466.

Xu, X.M., D.W. Parry, S.G. Edwards, B.M. Cooke, F.M. Doohan, A. Maanen, J.M. Brennan, S. Monaghan, A.
Moretti, G. Tocco, G. Mule, L. Hornok, G. Giczey, J. Tatnell, P. Nicholson and A. Ritieni, 2004. Relationship
between the incidences of ear and spikelet infection of Fusarium ear blight in wheat. Eur. J. Plant Pathol. 110:
959-971.

McRoberts, N., G. Hughes and L.V. Madden, 2003. The theoretical basis and practical application of relationships
between different disease intensity measurements in plants. Ann. Appl. Biol. 142: 191-211.

James, W.C. and C.S. Shih, 1973. Relationship between incidence and severity of powdery mildew and leaf rust
on winter wheat. Phytopathology 63: 183-187.

Zadoks, J.C., 1985. The conceptual basis of crop loss assessment: The threshold theory. Annu. Rev. Phytopathol.
23: 455-473.

Shah, D.A. and L.V. Madden, 2004. Nonparametric analysis of ordinal data in designed factorial exoriments.
Phytopathology 94: 33-43.

698



24.

25.

26.

27.

28.

29.

30.

31.

32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

J. Appl. Environ. Biol. Sci., 5(125)689-699, 2015

Bradley, C.A., R.A. Henson, P.M. Porter, D.G. LeGare, L.E. del Rio and S.D. Khot, 2006. Response of canola
cultivars to Sclerotinia sclerotiorum in controlled and field environments. Plant Dis. 90: 215-219.

Cornell, J.A. and R.D. Berger, 1987. Factors that influence the value of the coefficient of determination in simple
linear and nonlinear regression models. Phytopathology 77: 63-70.

Hughes, G., N. McRoberts and L.V. Madden, 2004. Daamen’s incidence-severity relationship revisited. Eur. J.
Plant Pathol. 110: 759-761.

Jeger MJ, Jones DG & Griffiths E, 1983. Disease spread of non-specialized fungal pathogens from inoculated
point sources in intraspecific mixed stands of cereal cultivars. Ann Appl Biol 102, 237-244.

Groth, J.V., E.A. Ozmon and R.H. Busch, 1999. Repeatability and relationship of incidence and severity measures
of scab of wheat caused by Fusarium graminearum in inoculated nurseries. Plant Dis. 83: 1033-1038.

Willocquet, L., L. Fernandez and S. Savary, 2000. Effect of various crop establishment methods practiced by
Asian farmers on epidemics of rice sheath blight caused by Rhizoctonia solani. Plant Pathol. 49: 346-354.

Willocquet, L. and S. Savary, 2004. An epidemiological simulation model with three scales of spatial hierarchy.
Phytopathology 94: 883-891.

Abawi, G.S. and R.G. Grogan, 1979. Epidemiology of diseases caused by Sclerotinia species. Phytopathology 69:
899-904.

Morrall, R.A.A. and J. Dueck, 1982. Epidemiology of Sclerotinia stem rot of rapeseed in Saskatchewan. Can. J.
Plant Pathol. 4: 161-168.

Anonymous, 2003. Canola Growers Manual. Canola Council of Canada. Winnipeg, Manitoba.

Bom, M. and G.L. Boland, 2000. Evaluation of disease forecasting variables for Sclerotinia stem rot (Sclerotinia
sclerotiorum) of canola. Can J Plant Sci 80: 889-898.

Lipps, P.E., S.]M. El-Allaf and A.L. Johnson, 2002. Evaluation of foliar fungicides for control of Fusarium head
blight on winter wheat in Ohio, 2001. Fungicide and Nematicide Tests 57: CF14.

de Wolf, E.D., J. Molineros, C. Wei, P.E. Lipps, L.V. Madden and L. Francl, 2003. Development and deployment
of the next generation prediction models for Fusarium head blight. Proc. Natl. Fusarium Head Blight Forum, U.S.
Wheat and Barley Scab Initiative (USWBSI), East Lansing, MI, 125-128.

Jurke, C.J. and W.G.D. Fernando, 2008. Effects of seeding rate and plant density on Sclerotinia stem rot incidence
in canola. Arch. Phytopathol. Pfl. 41: 142-155.

Twengstrom, E., R. Sigvald, C. Svensson and J. Yuen, 1998. Forecasting Sclerotinia stem rot in spring sown
oilseed rape. Crop. Prot. 17: 405-411.

Bradley, C.A., H.A. Lamey, G.J. Endres, R.A. Henson, B.K. Hanson, K.R. McKay, M. Halvorson, D.G. LeGare
and P.M. Port, 2006. Efficacy of fungicides for control of Sclerotinia stem rot of canola. Plant Dis. 90: 1129-1134.

Aghajani, M.A., N. Safaei and A. Alizadeh, 2008. Sclerotinia infection situation of canola in Golestan province.
Proceeding of the Iranian 18th Plant Protection Congress, Hamedan, Iran 2: 52. (Abstract).

Koch, S., S. Dunke, B. Kleinhenz, M. Rohrig and A.V. Tiedemann, 2007. A crop loss-related forecasting model
for Sclerotinia stem rot in winter oilseed rape. Phytopathology 97: 1186-1194.

699



