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ABSTRACT 

Dewdney, M. M., Biggs, A. R., and Turechek W. W. 2007. A statistical 
comparison of the blossom blight forecasts of MARYBLYT and Cougar-
blight with receiver operating characteristic curve analysis. Phytopathol-
ogy 97:1164-1176. 

Blossom blight forecasting is an important aspect of fire blight, caused 
by Erwinia amylovora, management for both apple and pear. A com-
parison of the forecast accuracy of two common fire blight forecasters, 
MARYBLYT and Cougarblight, was performed with receiver operating 
characteristic (ROC) curve analysis and 243 data sets. The rain threshold 
of Cougarblight was analyzed as a separate model termed Cougarblight 
and rain. Data were used as a whole and then grouped into geographic 
regions and cultivar susceptibilities. Frequency distributions of cases and 
controls, orchards or regions (depending on the data set), with and 

without observed disease, respectively, in all data sets overlapped. 
MARYBLYT, Cougarblight, and Cougarblight and rain all predicted 
blossom blight infection better than chance (P = 0.05). It was found that 
the blossom blight forecasters performed equivalently in the geographic 
regions of the east and west coasts of North America and moderately 
susceptible cultivars based on the 95% confidence intervals and pairwise 
contrasts of the area under the ROC curve. Significant differences (P < 
0.05) between the forecasts of Cougarblight and MARYBLYT were found 
with pairwise contrasts in the England and very susceptible cultivar data 
sets. Youden’s index was used to determine the optimal cutpoint of both 
forecasters. The greatest sensitivity and specificity for MARYBLYT 
coincided with the use of the highest risk threshold for predictions of 
infection; with Cougarblight, there was no clear single risk threshold 
across all data sets. 

 
Fire blight, caused by the bacterium Erwinia amylovora (Burr.), 

has troubled apple (Malus ×domestica) and pear (Pyrus com-
munis) growers for over 200 years. It has become more problem-
atic to apple growers over the last 50 years because of increasing 
acreage planted with high-density production systems that use 
highly susceptible rootstocks, often in combination with equally 
susceptible cultivars (18). Many researchers have investigated 
ways to manage and control disease outbreaks; however, due to 
the sporadic nature of fire blight, this has proven to be extremely 
difficult (34). The fire blight disease cycle includes several 
phases: canker blight, blossom blight, shoot blight, trauma blight, 
and rootstock blight (29). To prevent disease spread later in the 
season, it is crucial to control blossom blight early, and one of the 
few ways to control blossom blight is by the use of antibiotic 
sprays. Until recently, the ability to predict the onset of blossom 
blight epidemics accurately and reliably for the timely application 
of antibiotics has been one of the most limiting factors in im-
proving overall disease management. 

Of several fire blight prediction systems, two of the best-known 
are MARYBLYT and Cougarblight. Both of these forecasters use 
weather and apple or pear phenology to generate infection predic-
tions, but they differ in how risk values are calculated. The DOS-
based computer program MARYBLYT, developed in Maryland and 

West Virginia by Steiner and Lightner, includes several algorithms 
for the different phases of fire blight (canker blight, blossom 
blight, shoot blight, and trauma blight) and predicts both infection 
events and symptom development (29). We have concentrated our 
efforts on apple blossom blight forecasts and, consequently, have 
listed only the rules for that phase. Blossom infection is con-
sidered to be imminent (in prediction mode) when the minimum 
values of all four of the following variables are met: (i) open 
flowers with stigmas and petals intact; (ii) epiphytic infection 
potential (EIP) ≥100%, which is 110 degree-hours at base 18.3°C 
accumulated in the last 44.4 degree-days at base 4.4°C; (iii) pre-
cipitation event of either dew, ≥0.25 mm on the current day, or 
previous day rainfall (≥2.5 mm); and (iv) mean daily temperature 
≥15.6°C (29). 

Cougarblight also uses weather and phenology, but only to 
predict blossom infection by E. amylovora. Cougarblight was de-
veloped by Smith in Washington State because it was found that 
other models performed poorly in the Pacific Northwest (25). The 
inaccuracies of other forecasters were attributed to the estimation 
of daily mean temperatures and to the fact that inoculum pressure, 
which could vary between orchards because of disease history, 
was not considered (25,29). Inoculum pressure in this context is 
an estimate of overwintering inoculum and does not have a pre-
cise measurement of disease per unit area. In Cougarblight, the 
fire blight history of an orchard is explicitly used as an indicator 
of inoculum pressure (26). The categories of orchard fire blight 
history (potential for pathogen presence) used in Cougarblight 
Celsius version are given in Figure 1. Within each inoculum 
pressure category, risk levels of “low,” “caution,” “high,” and “ex-
treme” are assigned based on a 4-day degree-hour total (base 
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15.5°C). Blossom wetting events, including dew, are considered 
“triggers” for infection. Most growers and consultants consider 
management action when the risk level reaches high or extreme 
(25–27). 

Despite the significant improvement to disease management 
brought about by fire blight forecasters, none, including MARY-
BLYT and Cougarblight, are perfect (3,8). The models tend to 
overpredict infection events, especially in less susceptible culti-
vars and in areas with infrequent fire blight events, resulting in 
needless applications of antibiotics (12,27,35). Our initial analysis 
indicated that MARYBLYT correctly predicted blossom blight 59 
to 74% of the time depending upon geographic region, although 
the reasons for the regional differences were not entirely clear (7). 
In New York, the predictions by MARYBLYT and Cougarblight 
were highly correlated, indicating that there were only a few 
differences between the forecasters (4). Similarly, a comparison of 
several fire blight forecasters in Hungary, including MARYBLYT 
and Cougarblight, found good correlation of predictions between 
all the forecasters; however, the authors concluded that the greater 
number of predicted infection periods given by Cougarblight was 
a positive attribute (5). A correlation comparison, however, gives 
little indication of the accuracy of either forecaster, only that their 
predictions are similar. Another comparison of fire blight fore-
caster performance found that neither MARYBLYT nor Cougar-
blight performed well in Israel but that the two forecasters did not 
differ greatly in the number or timing of predicted infection 
periods. Conclusions were based on the coefficient of variation of 
the number of forecasted infections and the rate of correct in-
fection periods (24). None of these approaches gives an idea of 
the number of times there were correct negative predictions. 
Another, intuitive, measure of forecaster accuracy would be to 
calculate the overall proportion of correct decisions. However, 
this type of accuracy calculation is dependent on the prevalence 
of disease in a data set, as discussed by Metz (16). 

Receiver operating characteristic (ROC) curve analysis pro-
vides a more comprehensive method to evaluate and compare risk 
algorithms or forecasters and has been applied recently to plant 
diseases (11,32,33). ROC curve analysis has been widely used in 
the medical literature as a means to evaluate the performance of 
diagnostic tests in both clinical chemistry and radiology (9,16, 
20,22). An ROC curve is informative for assessing how often a 
risk algorithm gives correct predictions, both positive and nega-
tive. Unlike the above comparisons used, in part, to determine 
forecaster accuracy, the ROC curve analysis does not depend on 
the proportions of cases and controls in a data set (16). A graphi-
cal method to evaluate and discriminate between diagnostic tests 
or modifications of the same test is provided. In choosing be-
tween two different forecasters or risk algorithms, the area under 
the ROC curve (AUC) can be used as a selective value. This is 
particularly useful when one is evaluating the predictive power of 
two forecasters, as in this study. The AUC measures the prob-
ability that, in randomly paired orchards, one with fire blight and 
the other without, the forecaster will correctly classify them 
(16,36). 

The objectives of this study were to compare the predictive 
capacity of MARYBLYT and Cougarblight using ROC curve 
analysis, as well as to do a preliminary evaluation of the cutpoints 
(a group of thresholds) to determine which was optimal for 
accurately predicting an infection event. 

MATERIALS AND METHODS 

In all, 243 historical data sets were collected from cooperators 
in British Columbia, England, Michigan, New York, Québec, 
Vermont, Washington state, and West Virginia. The data sets 
spanned the years from 1976 to 2002. Each data set contained 
daily maximum and minimum temperatures, precipitation, general 
apple phenology, and blossom blight incidence. Information in 

 

Fig. 1. Cutpoints for Cougarblight and Cougarblight and rain are based on 4-day degree-hour (base 15°C) accumulations, levels of potential for pathogen pres-
ence, and relative blossom blight infection risk. The circles represent Cougarblight cutpoints and are labeled above the plot. Circle size increases with greater 
probability of disease. Cutpoint values in parentheses are for the Cougarblight and rain model which includes a precipitation threshold of ≥0.25 mm of rain or 
dew. Cutpoint 1 is for data sets that do not have precipitation as a trigger. In instances where levels of pathogen presence are at the same relative infection risk,
only the circle for the most conservative fire blight inoculum pressure is shown. 
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the data sets varied in scale from a single orchard block to larger 
geographical areas of several hundred hectares. Some data sets 
had cultivar information that enabled more precise estimation of 
the phenology. For the analysis, the data sets first were used as a 
whole and then were grouped into large geographic regions and 
cultivar susceptibility levels to investigate whether these two 
variables had an effect on forecaster performance. Data sets from 
eastern North America were from Michigan, New York, Québec, 
Vermont, and West Virginia, and those from the west coast data 
sets were from British Columbia and Washington state. Data sets 
from England were analyzed as a group. The cvs. Elstar, Empire, 
Golden Delicious, Golden Russet, Jersey Mac, Jonafree, McIn-
tosh, Mutsu, Spartan, and Vista Bella were defined as moderately 
susceptible (34). ‘Red Delicious’ was grouped with the moder-
ately susceptible cultivars because there were not enough data sets 
to analyze it separately as a low-susceptibility cultivar. Very sus-
ceptible cultivars appearing in this study were Braeburn, Ginger-
gold, Greening Rome, Idared, Jonagold, Jonathan, Lobo, Lodi, 
Paulared, Rome Beauty, Royal Gala, Yellow Transparent, and 
York (34). To ensure that disease was absent because conditions 
were unfavorable rather than as a result of a control measure, such 
as an antibiotic application, any data set with known antibiotic 
use and no observed symptoms was discarded before the ROC 
analysis. Following the conventions set in the medical literature, 
those data sets where fire blight was observed (D+) were 
classified as “cases” and those where fire blight was not observed 
were classified as “controls” (D–) (9,11,16). The simple presence 
or absence of fire blight in an orchard was used rather than a 
severity estimate because fire blight is considered such a poten-
tially harmful disease that any “strikes” can be economically 
damaging (28,29). The prevalence of cases [P(D+)] for each data 
set group is presented in Table 1. 

For each data set, the weather and phenology data for each 
year, location, and cultivar were entered into MARYBLYT and 
Cougarblight. A Microsoft Excel-based version of the MARY-
BLYT blossom blight module was developed to facilitate manipu-
lations to the data sets during this study. The EIP and the other 
thresholds were calculated as described by Steiner and Lightner 
(29). The thresholds then were summed into the infection risk 
categories as in MARYBLYT (29) (Table 2). Similarly, Microsoft 
Excel was used to calculate the Cougarblight risk levels based on 
the risk tables presented in the 2002 Celsius version (26) (Fig. 1). 
When a dew event was entered into MARYBLYT and Cougar-
blight, 0.25 mm was automatically entered into the rain column, 

TABLE 1. Prevalence of cases, area under the receiver operating characteristic curves (AUC), and comparison to the line of no discrimination for each forecaster
and data set 
  95% Confidence interval of AUC  

Data set, prediction system Sample size 
Prevalence of 

cases 
Point estimate 

of AUCa Asymptotic methoda Bootstrap methodb Significancec 

All data       
Cougarblight 243 0.43 0.695 0.631–0.759 0.628–0.756 0.0000 
Cougarblight and rain … … 0.668 0.597–0.738 0.597–0.737 0.0000 
MARYBLYT … … 0.678 0.618–0.738 0.615–0.733 0.0000 

Eastern North America       
Cougarblight 161 0.39 0.657 0.574–0.742 0.570–0.737 0.0005 
Cougarblight and rain … … 0.630 0.536–0.725 0.531–0.721 0.0045 
MARYBLYT … … 0.681 0.610–0.752 0.606–0.747 0.0000 

England       
Cougarblight 34 0.56 0.861 0.741–0.981 0.696–0.950 0.0002 
Cougarblight and rain … … 0.858 0.730–0.986 0.676–0.953 0.0003 
MARYBLYT … … 0.740 0.576–0.905 0.547–0.879 0.0097 

West coast       
Cougarblight 48 0.48 0.755 0.623–0.887 0.601–0.865 0.0016 
Cougarblight and rain … … 0.672 0.515–0.829 0.503–0.815 0.035 
MARYBLYT … … 0.623 0.461–0.772 0.449–0.763 0.12 

Moderately susceptible cultivars       
Cougarblight 87 0.30 0.761 0.653–0.869 0.639–0.854 0.0001 
Cougarblight and rain … … 0.706 0.564–0.848 0.543–0.835 0.0020 
MARYBLYT … … 0.698 0.601–0.795 0.597–0.787 0.0017 

Very susceptible cultivars       
Cougarblight 84 0.58 0.621 0.503–0.740 0.499–0.733 0.052 
Cougarblight and rain … … 0.567 0.446–0.687 0.444–0.681 0.29 
MARYBLYT … … 0.688 0.581–0.794 0.575–0.789 0.0010 

a Based on method of DeLong et al. (6). 
b Based on 20,000 iterations of the bias-corrected accelerated bootstrap method (36). 
c Statistical significance of difference from 0.5 (P value); z value for the null H0: AUC = 0.5 or line of no discrimination based on the Mann-Whitney U statistic

(U) (36). The two-tailed test statistic is given by 
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TABLE 2. Cutpoints for the MARYBLYT model based on risk levels 
determined by the minimum values of thresholds as given by Steiner and
Lightner (29) 

MARYBLYT  Minimum levels reached for each thresholda 

Cutpoints Risk levelsb Wetnessc Temperatured EIPe 

1 M + … … 
2 M … + … 
3 M … … + 
4 H … + + 
5 H + … + 
6 H + + … 
7 I + + + 

a Blossoms are always considered open in this study and are not included in
the cutpoint calculations; + indicates threshold reached. 

b Risk levels do not necessarily progress directly from one to the next. Level 
of risk: M = medium, H = high, and I = infection imminent. 

c Heavy dew, ≥0.25 mm of rain, or ≥2.5 mm of rain the day before. 
d Mean daily temperature ≥15.6°C. 
e Epiphytic infection potential (EIP) ≥100%. 
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as is done in the MARYBLYT program (29). The amount of blos-
som wetting needed for infection is unspecified for the Cougar-
blight model (25–27); therefore, the same minimum amount of 
precipitation as in MARYBLYT was used. 

The output of the individual data sets from MARYBLYT and 
Cougarblight was arranged into a separate file for each of the 
forecasters. For days during bloom, when blossom infection could 
occur, the risk level was calculated for each day and the highest of 
the risk levels was used for the data set. Thus, there was a pre-
diction risk and observed infection or disease value for each data 
set. Predictions of infection then could be made for each of the 
seven or eight cutpoints to construct the ROC curve. For example, 
if a data set had the highest MARYBLYT predicted risk (at cut-
point 7), then infection would be predicted for any cutpoint (de-
fined below) from 1 to 7 because an observed cutpoint 7 indicates 
that all lower conditions for infection were surpassed. If a data set 
had the next highest predicted risk (cutpoint 6) as the highest risk 
value, then infection would be predicted for cutpoints 1 through 6 
but not 7, because the risk was not great enough to require the 
highest risk for an infection prediction. Conversely, if the highest 
risk in a data set was cutpoint 1, then infection would be predicted 
only for cutpoint 1 as the threshold and not for cutpoints 2 
through 7 because the more stringent conditions were not met for 
the data set. For the evaluation of Cougarblight, the same days 
from individual data sets as in MARYBLYT were used to compare 
the forecasters on an as equitable basis as possible. To confirm 
that a bias toward MARYBLYT performance was not introduced 
into the analysis, we took a random subset equaling 20% of the 
total number of data sets in proportion to geographic region. The 
day with the highest risk point, as determined with Cougarblight, 
was selected and used to compare forecasts with MARYBLYT. The 
subset was analyzed as described below. Cutpoints were calcu-
lated for the selected day from individual data sets. The results 
then were compiled into the different regional and cultivar sus-
ceptibility data sets. The cutpoints or forecaster outcomes then 
were matched with the disease incidence of each data set. 

A cutpoint (T) is a predefined value that identifies the pre-
diction of an infection event (36). Cutpoints are considered to be 
real numbers, where the highest number has a greater likelihood 
of being associated with disease, but there is no need to progress 
directly from one cutpoint to the next. For each forecaster, a range 
of cutpoints was defined (Table 2; Fig. 1). Depending on the risk 
algorithm being tested, cutpoints can be either a collection of 
model thresholds, as in MARYBLYT, or single thresholds, as in 
Cougarblight. MARYBLYT cutpoints were based on how many 
thresholds had exceeded their minimum values and are defined in 
Table 2. The cutpoint order was based on calculations of sensi-
tivity and specificity, originally done by hand, for our initial ROC 
curve analysis of MARYBLYT (7). The cutpoints were confirmed 
to be unique and in the same order by the program AccuROC 
(36). Because, in this study, blossoms were considered to be 
always open, the blossom threshold was not included in the 
MARYBLYT cutpoint definitions. Cutpoint definitions were not as 
simple with Cougarblight. Because no information about the 
potential pathogen presence criteria in Cougarblight was available 
for the majority of data sets, the cutpoints were constructed to 
evaluate all three levels of potential pathogen presence simul-
taneously (Fig. 1). For example, cutpoint 1 for Cougarblight 
without the rain threshold includes all levels of potential pathogen 
presence in the risk level “low” up to 30 degree-hours. Cutpoint 2 
includes up to 110 degree-hours. This is equivalent to the po-
tential pathogen presence levels “no fire blight in your area for the 
past season” and “fire blight in your orchard or your neighbor’s 
orchard last year” at risk level “low”, as well as “active fire blight 
cankers are now in or very near your orchard” at risk level 
caution. This is similar to how cutpoints are assigned in radiology 
(9). The remaining cutpoints were defined based on the degree-
hour summations (Fig. 1) in the manner described above (27). In 

addition, precipitation was indicated to be the trigger event in fire 
blight infection if the risk levels were high enough (25–27). To 
better evaluate the effect of the rain threshold (precipitation  
≥0.25 mm) on forecaster reliability, the data sets were evaluated 
with and without the trigger event. The two model permutations 
were termed “Cougarblight and rain” and “Cougarblight,” 
respectively. 

For each data set, the predicted infection based on each of the 
cutpoint thresholds was compared with the observation of disease 
presence (“actual disease”) and the results categorized into four 
decision outcomes: true positive, true negative, false positive, and 
false negative (16,17). From the four decision outcomes, category 
proportions were calculated. For example, the true positive pro-
portion (TPP), also known as the sensitivity of a test, is the 
number of correctly classified cases over the total number of 
cases and can be defined by the conditional probability of 
P(T+|D+) (16). Similarly, the false positive proportion (FPP) is 
the number of controls incorrectly predicted to be diseased over 
the total number of controls, which is defined by the conditional 
probability [P(T+|D–)]. The FPP is denoted as 1 – specificity, 
where the specificity is the true negative proportion (TNP) or 
[P(T–|D–)] (16). The sensitivity versus 1 – specificity of all the 
possible cutpoints of both fire blight forecasters were plotted as 
ROC curves. In addition to calculating the sensitivity and 1 – 
specificity for each cutpoint, the frequency of cases and controls 
at each cutpoint of MARYBLYT and Cougarblight were plotted 
(Figs. 2 to 4). 

To interpret the results of an ROC curve analysis, it is neces-
sary to know certain fundamental features of the analysis. By 
definition, an ROC curve passes through the point 0,0, where all 
orchards are predicted to be negative for fire blight at the highest 
cutpoint, and the point 1,1, meaning that all orchards are pre-
dicted positive for fire blight at the lowest cutpoint (11,16,17). As 
the ROC curve approaches the point 0,1, the performance of a 
forecaster improves and exhibits both beneficial sensitivity and 
specificity characteristics (11,16,36). To compare blossom blight 
forecasting ability between MARYBLYT and Cougarblight in a 
more quantifiable manner, the AUC was used as a discriminating 
value. Bamber (1), with elaboration from Hanley and McNeil (9), 
recognized that this probability is equal to the nonparametric 
Mann-Whitney U statistic (U) from which standard errors can be 
calculated. Accordingly, the closer an AUC is to 1.0, the better the 
forecaster is at correctly classifying the case and control. The 
Mann-Whitney U statistic approaches normality with increased 
sample size; however, the actual probability distribution at small 
sample size of the AUC is unknown and generally is asymmetric 
at the extremes near 0 and 1. This can result in upper bounds >1 
with large standard errors. A way to more accurately estimate 
confidence intervals is to use bootstraps, the best being the bias-
corrected accelerated method (6,19,36). We used the program 
AccuROC (36) to calculate the sensitivity and 1 – specificity, the 
AUCs, and the 95% confidence intervals (CIs), both asymp-
totically and via bootstraps, for each curve. 

Another feature of ROC analysis is the “line of no discrimi-
nation,” which passes through the points 0,0 and 1,1 and has an 
AUC that is equal to the probability of 0.5 or 50%. If an ROC 
curve falls along the line of no discrimination, the forecaster does 
not predict an infection period any better than chance (11). We 
used two methods to determine whether a forecaster was perform-
ing significantly better than chance in a specific test. The first test 
was to observe whether the 95% CIs, either asymptotic or boot-
strap, excluded the value of 0.5. The second was to test the null 
hypothesis that the AUC was not significantly different from 0.5 
based on a z statistic and two-tailed P value derived from the 
Mann-Whitney U statistic (11,36). 

The performance of MARYBLYT and Cougarblight forecasts 
was compared for the same geographic regions and cultivar sus-
ceptibility. The first test compared forecaster performance by 
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whether the 95% CIs of the AUCs overlapped for curves gen-
erated from the same data sets. A more formalized test con-
structed contrasts for the three curves, that allowed for the calcu-
lation of χ2 values and P values to assess whether the contrast was 
significant (6,36). Further pairwise contrasts were constructed to 
ensure that there were no differences between individual curves. 
In addition, correlations between individual curves were calcu-
lated with the AUC and the variance-covariance matrix of each 
curve based on the Mann-Whitney U statistic (U) (6,36). A final 
question of interest was which forecaster cutpoint was most 
accurate. When false positives and false negatives are considered 
to be of equal importance, the cutpoint that is closest to the point 

(0,1) is considered the best (10,16,37). Youden’s index (J = 
sensitivity + specificity – 1 or J = TPP – FPP), a measure of the 
overall non-error rate for each cutpoint, was used to determine the 
optimal cutpoint in conjunction with the ROC curve analysis. The 
index has a range of 0 to 1, which is equivalent to no discrimina-
tory power to perfect discriminatory power, respectively (10,37). 

RESULTS 

Based on ROC curve analysis, MARYBLYT and Cougarblight 
predicted infection risks equally accurately overall. To begin the 
analysis, the frequency distributions of cases and controls for 

 

Fig. 2. Frequency distributions of cases and controls classified by MARYBLYT cutpoints for each data set. A, All data (243 points);. B, eastern North America (161 
points); C, England (34 points); D, west coast of North America (48 points); E, moderately susceptible cultivars (87 points); and F, very susceptible cultivars (84 
points). 
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MARYBLYT, Cougarblight, and Cougarblight and rain were 
plotted as functions of their cutpoints in Figures 2, 3, and 4, re-
spectively. Frequency distributions are presented for all regional 
and cultivar susceptibility data sets separately. In general, for both 
models, the distributions between the cases and the controls were 
overlapping. Ideally, the distributions would not overlap, with the 
cutpoint separating the two distributions being selected as optimal 
for forecast accuracy. In MARYBLYT, the EIP alone (cutpoint 3) 
never occurred for either cases or controls; therefore, it was not 
included in further ROC analysis. In the data sets from the west 
coast of North America (Fig. 2D) and moderately susceptible cul-
tivars (Fig. 2E), neither cases nor controls were categorized by 
cutpoint 2 of MARYBLYT. The majority of the cases were classi-
fied by cutpoint 7 and the controls were spread among cutpoints 

for each data set. For the two permutations of Cougarblight, 
without and with the rain threshold (Figs. 3 and 4), both the cases 
and controls were spread among the cutpoints for each data set. 
The distributions were similar for the two model permutations 
because the cutpoints for Cougarblight are equivalent to cutpoints 
2 to 8 in Cougarblight and rain. Having the rain threshold sepa-
rated in such a manner, however, did provide a unique opportunity 
to see where precipitation can play an important role for fire 
blight prediction. The majority of cases that were classified by 
cutpoint 1 (no rain event as a trigger of infection) in Cougarblight 
and rain were from cutpoints 5 and 6 of Cougarblight. No cases 
from cutpoints 1 through 4 were reclassified using the rain 
threshold and only a few were reclassified from cutpoint 7 of 
Cougarblight across region or cultivar susceptibility. The greatest 

  

 

Fig. 3. Frequency distributions of cases and controls classified by Cougarblight cutpoints for each data set. A, All data (243 points); B, eastern North America 
(161 points); C, England (34 points); D, west coast of North America (48 points); E, moderately susceptible cultivars (87 points); and F, very susceptible cultivars 
(84 points). 
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numbers of reclassifications were found in the eastern and very 
susceptible cultivar data sets (Figs. 3B and F and 4B and F). In 
contrast, controls classified by cutpoint 1 in Cougarblight and 
rain were from all Cougarblight cutpoints although, once again, 
the majority were from cutpoints 5 to 7. Many of the reclassified 
controls were from the eastern data set when grouped by region. 

Equivalent numbers of controls were reclassified upon compari-
son of moderately susceptible cultivars to very susceptible culti-
vars, although the distributions were different. Controls from all 
Cougarblight cutpoints were reclassified in the moderately sus-
ceptible cultivar data set, whereas all of the reclassified controls 
of the very susceptible cultivars were from cutpoints 5 to 7 of 

  

 

Fig. 4. Frequency distributions of cases and controls classified by Cougarblight and rain cutpoints for each data set. A, All data (243 points); B, eastern North 
America (161 points); C, England (34 points); D, west coast of North America (48 points); E, moderately susceptible cultivars (87 points); and F, very susceptible 
cultivars (84 points). 
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Cougarblight. Very few cases or controls were reclassified by the 
rain threshold in Cougarblight and rain in the England data set. 

When the ROC curves with all data sets were plotted (Fig. 5A) 
and the AUCs calculated (Table 1), both Cougarblight and 
MARYBLYT were shown to predict fire blight infection signifi-
cantly better than chance (P = 0.05). There were no significant 
differences in predictive ability among the forecasts of the two 

forms of Cougarblight and MARYBLYT according to the three-
way contrast, which was confirmed by the overlapping 95% CIs 
from each curve (Tables 1 and 3). When the AUCs of Cougar-
blight and MARYBLYT forecasts were compared for the data sub-
set where Cougarblight was used to determine the day with the 
highest risk point, no significant differences in predictive ability 
were found (data not shown). When the model forecasts were 

 

Fig. 5. Receiver operating characteristic plots with curves for MARYBLYT, Cougarblight, and Cougarblight by data set. A, All data; B, eastern North America; C,
England; D, west coast of North America; E, moderately susceptible cultivars; and F, very susceptible cultivars. The cutpoints for the models are labeled on the 
lines. 
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compared using pairwise contrasts, no further significant differ-
ences were found. Correlations among Cougarblight, Cougar-
blight and rain, and MARYBLYT forecasts (Table 4) showed that 
the two forms of Cougarblight forecasts only had a correlation of 
0.47 despite the small difference between cutpoints. The highest 
correlation (0.86) for all data sets was between Cougarblight and 
rain and MARYBLYT forecasts with the west coast data set. 

In all of the regional data sets, both Cougarblight and MARY-
BLYT forecast blossom blight infection periods significantly 
better than chance (P < 0.05), with the exception of MARYBLYT 
when applied to the data set from the west coast of North America 
(P = 0.12) (Fig. 5B to D). Also, the 95% CIs of each ROC curve 
AUC (Table 1) did not contain 0.5 within their limits, with the 
exception of MARYBLYT forecasts with the west coast data set. 
Similarly, when using the west coast data set, the ROC curve of 
Cougarblight and rain forecasts had a 95% CI that almost en-
compassed 0.5 and had a P value that approached 0.05 (Table 1). 
The ROC curves did not differ (P > 0.05) among the forecasters 
according to three-way or pairwise contrasts among the east and 
west coasts of North America (Table 3). However, the χ2 value of 
the three-way contrast from the England data set was significant 
at the 10% significance level (90% confidence). In addition, both 
forms of the Cougarblight model predicted blossom blight sig-
nificantly better (P > 0.05) than MARYBLYT in the England data 
set (Table 3). The AUCs of the two forms of Cougarblight were 

similar in shape and were statistically equivalent based on the χ2 
test (Fig. 5C). In Figure 5, the ROC curve for Cougarblight and 
rain crossed the ROC curves of the other two models in every 
data set, and the only time that the MARYBLYT ROC curve was 
not crossed was in the England data set. Correlations between the 
forecasts for each geographic region data set are presented in 
Table 4. Overall, the highest correlations of forecasts were from 
the England data set, ranging between 0.7 and 0.8. The lowest 
correlations of predictions were found using the west coast data 
set between the two forms of Cougarblight and between Cougar-
blight and MARYBLYT. Within range of the same data set, the 
single highest correlation was found between Cougarblight and 
rain and MARYBLYT. Correlations between the forecaster’s pre-
dictions for the eastern data set were fairly similar and ranged 
between 0.45 and 0.60. 

Cultivar susceptibility adjustments are not features of either 
forecaster; however, there were concerns that it might affect fore-
caster performance. ROC curves for both moderately and very 
susceptible cultivars showed that MARYBLYT predicted signifi-
cantly better (P < 0.05) than chance because 0.5 was not con-
tained in the 95% CI of the AUCs (Table 1; Fig. 5E and F). The 
situation for Cougarblight differed in that, with the very suscep-
tible cultivar data set, neither form of Cougarblight had an AUC 
that was significantly >0.5. The 95% CIs of both AUCs contained 
0.5 (Table 1), although Cougarblight without the rain threshold 

TABLE 4. Correlation coefficients of the comparisons among the forecasts of MARYBLYT, Cougarblight, and Cougarblight and rain for each geographic region 
and cultivar susceptibilitya 

 Cougarblight Cougarblight and rain MARYBLYT 

Data set, prediction system r P value r P value r P value 

All data       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.46 <0.0001 1.00 <0.0001 … … 
MARYBLYT 0.40 <0.0001 0.57 <0.0001 1.00 <0.0001 

Eastern North America       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.58 <0.0001 1.00 <0.0001 … … 
MARYBLYT 0.45 <0.0001 0.45 <0.0001 1.00 <0.0001 

England       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.77 <0.0001 1.00 <0.0001 … … 
MARYBLYT 0.74 <0.0001 0.73 <0.0001 1.00 <0.0001 

West coast       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.14 0.171 1.00 <0.0001 … … 
MARYBLYT 0.22 0.066 0.86 <0.0001 1.00 <0.0001 

Moderately susceptible cultivars       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.58 <0.0001 1.00 <0.0001 … … 
MARYBLYT 0.35 0.0005 0.52 <0.0001 1.00 <0.0001 

Very susceptible cultivars       
Cougarblight 1.00 <0.0001 … … … … 
Cougarblight and rain 0.37 0.0003 1.00 <0.0001 … … 
MARYBLYT 0.35 0.0006 0.56 <0.0001 1.00 <0.0001 

a  For each forecast system, r was calculated by AccuROC (36) and P values were calculated from the test statistic 212 rnrt −−= . 

TABLE 3. The χ2 values of three-way and pairwise contrasts among the areas under the receiver operating characteristic curves (AUC) of MARYBLYT, Cougar-
blight, and Cougarblight and rain for geographic regions and cultivar susceptibilities 

 
 
Data set 

 
Three-way comparisona  

(P value) 

MARYBLYT versus 
Cougarblightb 

(P value) 

MARYBLYT versus 
Cougarblight and rain 

(P value) 

Cougarblight versus 
Cougarblight and rain 

(P value) 

All data 0.585 (0.746) 0.227 (0.634) 0.120 (0.729) 0.585 (0.444 ) 
Eastern North America 1.244 (0.537) 0.334 (0.563) 1.243 (0.265) 0.400 (0.527) 
England 5.126 (0.077) 4.618 (0.032) 4.140 (0.042) 0.0066 (0.935) 
West Coast 3.186 (0.203) 2.100 (0.147) 1.351 (0.245) 0.720 (0.396) 
Moderately susceptible cultivars 1.320 (0.517) 1.094 (0.296) 0.0169 (0.897) 0.807 (0.369) 
Very susceptible cultivars 4.948 (0.084) 1.026 (0.311) 4.899 (0.027) 0.646 (0.422) 

a  Based on method of DeLong et al. (6) and calculated using AccuROC (36) with two degrees of freedom. 
b  One degree of freedom for all two-way contrasts. 
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contained 0.5 only within the 95% CI calculated by bootstraps. 
The only ROC curve to fall below the line of discrimination in the 
entire study was Cougarblight and rain using the very susceptible 
cultivar data set (Fig. 5F). When the three AUCs were compared 
for the cultivar susceptibility data sets, there were no significant 
differences (P < 0.05) among them (Table 3). Similarly, no pair-
wise differences were observed between the predictions of the three 
models for the moderately susceptible cultivar data set. When 
compared in a pairwise manner for the very susceptible cultivars 
data set, the AUCs of Cougarblight and rain and MARYBLYT 
forecasts were significantly different (P = 0.03). For both cultivar 
susceptibility data sets, the correlation between Cougarblight and 
MARYBLYT was <0.4. Correlations between the predictions of the 
two Cougarblight models were higher for the moderately suscep-
tible cultivar data set than for the very susceptible cultivar data set 
(Table 4). The correlation between MARYBLYT and Cougarblight 
and rain forecasts for the very susceptible cultivar data set was 
unexpectedly higher than that for the moderately susceptible culti-
var data set because there were significant differences between 
the AUCs of the ROC curves in the one data set (Tables 3 and 4). 

The optimal cutpoint for MARYBLYT, as determined by 
Youden’s index, was cutpoint 7 in all but one data set; the data set 
for moderately susceptible cultivars had an optimal cutpoint of 5 
(Table 5). Cutpoint 7 (Table 2) was equivalent to imminent infec-
tion in the MARYBLYT program, and all three thresholds had 
exceeded their minimum values. The highest value (J = 0.47) for 
Youden’s index in MARYBLYT was found with the England data 
set. In both versions of Cougarblight, the optimal cutpoint varied 
among data sets with no consistent pattern (Fig. 1; Table 5). The 
cutpoint with the highest Youden’s index among the models was 
most often found in Cougarblight and rain. 

DISCUSSION 

A useful plant disease forecaster needs to reliably discriminate 
whether an infection event will occur or not. Our study has shown 
that both MARYBLYT and Cougarblight can be used to dis-
tinguish whether a fire blight infection event will occur, but there 
clearly is room for considerable improvement. In most situations, 
there were no significant differences in the performance, as meas-
ured by the AUC, of MARYBLYT versus Cougarblight forecasts. 
There was variability among geographic regions and cultivar 
susceptibilities, but no single forecaster outperformed the others 
based on three-way contrasts of AUCs. Only two situations, the 
England and the very susceptible cultivar data sets, had significant 
differences in performance between the two forecasters’ predic-
tions when pairwise comparisons were used (Tables 2 and 3). The 
best overall performance of Cougarblight occurred with the 
England data set and the best performance of MARYBLYT was in 
the eastern data set. MARYBLYT and Cougarblight and rain did 
not perform well with the west coast data set. Neither version of 
Cougarblight did well with very susceptible cultivars; therefore, 

caution should be exercised when relying on it exclusively in 
situations where many valuable, very susceptible cultivars are at 
risk. In contrast, MARYBLYT performed equally well with both 
cultivar susceptibility data sets. The variability in model perform-
ance among regions is still unexplained but possibly could reflect 
differences in environment, population variation of E. amylovora, 
or cultivar prevalence in a region, as is discussed further. Some of 
the variability is due to the disparity among data sets that were 
collected, where some were specific to block and cultivar whereas 
others encompassed a geographic region. However, not all of the 
variability is explained by this factor. A major consequence of the 
variability in the data sets is that the standard errors of the AUCs 
tended to be large, possibly masking differences in forecaster 
accuracy between regions that would be significant otherwise 
(data not shown). 

When the frequency of cases and controls were plotted against 
the cutpoints of a forecaster typically the two distributions over-
lap. Ideally, the majority of controls would be classified by lower 
cutpoints and cases by higher ones, with the intersection of the 
distributions being considered the optimal cutpoint (11). The dif-
ficulty with our data is that, although the majority of cases were 
ranked by upper cutpoints, the controls were fairly evenly dis-
tributed among cutpoints of both forecasters, with the exception 
of the highest cutpoints of the two versions of Cougarblight. 
When looking more specifically at MARYBLYT, cutpoint 3 (EIP 
alone) never classified either cases or controls in any data set 
(Fig. 2). It is likely that this is in part because EIP is highly 
correlated with temperature and, thus, perhaps not a unique vari-
able in cool temperatures (29). A full day of temperatures >18°C 
is needed to accumulate enough degree-hours to cross the EIP 
threshold. EIP is an estimate of E. amylovora population increase 
and spread (29). A temperature effect on bacteria populations in 
the field is likely to take several hours; therefore, a substantial 
population change may not occur on the day of EIP accumulation. 
This may mean that EIP calculated from the current day’s heat 
accumulation does not give the best forecasts. In addition, cut-
point 2, mean daily temperature, did not classify any cases or 
controls in either the west coast or moderately susceptible cultivar 
data sets, suggesting that mean daily temperature alone also was a 
relatively poor infection event predictor. Clearly, both daily mean 
temperature and EIP contributed to prediction accuracy, because 
when one was removed from the prediction criteria (for example, 
changing cutpoint 7 to cutpoints 6 or 5), the frequency at which 
cases were classified fell precipitously. The cutpoint that classi-
fied the second greatest number of cases was number 4, daily 
mean temperature and EIP, and was the only cutpoint other than 
number 7 that classified any cases with the west coast data set. 
Even though the sensitivity of cutpoint 4 generally was higher 
than cutpoint 7, the specificity was much lower (Fig. 5), showing 
that, whereas temperature variables were an important factor in 
determining a correct prediction of infection, they were not as 
effective in correctly classifying controls. The effects of the tem-

TABLE 5. Optimal cutpoints (Cut) for MARYBLYT, Cougarblight, and Cougarblight and rain based on the highest Youden’s index (J) value in each data set

 MARYBLYT Cougarblight Cougarblight and rain 

Data set Cuta TPP, FPPb J (95% CI)c Cut TPP, FPP J (95% CI) Cut TPP, FPP J (95% CI) 

All data 7 0.733, 0.406 0.328 (0.211, 0.444) 6 0.610, 0.341 0.269 (0.148, 0.390) 7 0.514, 0.188 0.326 (0.201, 451) 
Eastern North America 7 0.762, 0.449 0.313 (0.172, 0.454) 7 0.333, 0.092 0.242 (0.059, 0.424) 8 0.318, 0.020 0.297 (0.155, 0.440) 
England 7 0.737, 0.267 0.470 (0.173, 0.768) 4 0.895, 0.333 0.561 (0.287, 0.836) 4 0.895, 0.267 0.628 (0.370, 0.886) 
West coast 7 0.652, 0.320 0.332 (0.065, 0.599) 7 0.435, 0.08 0.355 (0.092, 0.618) 7 0.522, 0.160 0.362 (0.093, 0.630) 
Moderately susceptible cultivars 5 0.885, 0.557 0.327 (0.161, 0.494) 6 0.654, 0.279 0.375 (0.179, 0.571) 8 0.423, 0.000 0.423 (0.334, 0.513) 
Very susceptible cultivars 7 0.735, 0.400 0.338 (0.129, 0.540) 7 0.306, 0.114 0.192 (0, 0.412) 8 0.245, 0.029 0.216 (0.031, 0.402) 

a  Best cutpoint for a data set is based on highest J. An explanation of the cutpoints is found in Table 1 and Figure 1. 
b  TPP = true positive proportion, FPP = false positive proportion.  

c  J = TPP – FPP (=sensitivity + specificity – 1). CI = confidence interval. 95% CI = J ± 1.96(SEJ) where 
33 )()( TNFN
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= , where TP = true

positives, FP = false positives, FN = false negatives, and TN = true negatives (37). 
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perature-based variables also were visible on the ROC curves 
regardless of data set (Fig. 5), as shown by the greater specificity 
but reduced sensitivity of cutpoint 7 compared with cutpoints 5 
and 6. 

Several studies have shown that a rain event is needed to move 
E. amylovora from the stigma surface where the bacteria multiply 
to the hypanthium (floral cup), the main site of blossom infection 
(21,30,31), leading to the conclusion that rain could be a trigger 
event for an infection. When the effects of the Cougarblight rain 
threshold were investigated, it was apparent that there was an as-
sociation between the 4-day degree-hour accumulations and pre-
cipitation. No cases from cutpoints 1 to 4, those with degree-hour 
accumulations <200, of Cougarblight (without rain) were pre-
dicted by cutpoint 1 (no precipitation event) of Cougarblight and 
rain. The majority of cases reclassified by cutpoint 1 were from 
cutpoints 5 and 6 of Cougarblight (Figs. 3 and 4). The effect on 
controls when the rain threshold was added to Cougarblight was 
more uniform; the majority of the redistributed controls not 
coming from a particular cutpoint. Reclassification of controls did 
not significantly improve the predictive ability of Cougarblight, 
even though many controls were more appropriately categorized 
because so many of the cases also were classified by cutpoint 1, 
balancing out the effect. The association of the rain threshold and 
the 4-day degree-hour accumulations also can be visualized with 
the ROC curves (Fig. 5). The ROC curves for Cougarblight and 
rain cross those for Cougarblight in every data set, with the 
intersection depending on which cutpoints classified the majority 
of controls. The rain threshold appears more important in situa-
tions where temperatures are just below or above minimum levels 
(≈270 degree-hours) for an infection (25). The data suggested that 
other variables in the infection process were not accounted for 
when the 4-day degree-hour accumulation was high. MARYBLYT 
results showed a similar, but less drastic, effect. When comparing 
cutpoints 7 and 4 (temperature and EIP), with or without the rain 
threshold, the specificity of cutpoint 7 compared with 4 but sensi-
tivity declined. Rain was important for identification of cases but 
further cases were missed, once again suggesting the need for 
additional variables (Figs. 2 and 5). Trauma events such as frost 
and high winds during bloom also have been implicated as causes 
of infection but were not considered in this study (29). 

Nectar water potential and relative humidity >80% have been 
shown to play a significant role in the in vitro blossom infection 
process (21). High relative humidity, in particular, has been shown 
to be important to allow the total population of E. amylovora on 
pear stigmas to increase from 106 to 107 CFU per flower and also 
to allow multiplication in the hypanthium, where it generally was 
thought that little multiplication occurred (21,30). Relative hu-
midity seems to be critical for multiplication of the bacteria to 
very high inoculum doses, as well as to supply enough moisture 
to stimulate substantial nectar production to allow for multipli-
cation and possible ingress of E. amylovora. 

The effect of the rain threshold also is variable among geo-
graphic regions. Although the rain threshold did not significantly 
improve Cougarblight in any geographic region, the shapes of the 
ROC curves changed (Fig. 5). With data from England, the shape 
of the two curves was more or less the same; however, for the east 
and west coasts of North America, cutpoint increases tended to 
increase only specificity, not sensitivity for Cougarblight and 
rain. This indicates that fewer noninfection events were misclassi-
fied but a similar number of infection events were identified. The 
most extreme example is found in the west coast data set, where 
the curve for Cougarblight and rain plateaus. MARYBLYT in the 
same data set also plateaus between cutpoints 3 and 7. It is 
unclear whether this was due to the rain threshold; however, both 
had very low AUCs, indicating that they were either only mar-
ginally better, or not better, than chance. The fact that both 
models with rain thresholds performed poorly suggests that the 
currently formulated rain thresholds were not adequately describ-

ing the blossom infection conditions in an arid climate. Factors 
such as whether or not irrigation is used in an orchard and the 
type of irrigation could change tree water potential drastically. 
The use of irrigation varies widely between geographic regions. 
Most apple orchards in British Columbia and Washington state 
use irrigation extensively, whereas many orchards in eastern 
North America and in England rely on natural rainfall. Where 
irrigation is used, the effect of tree water potential on infection 
would be reduced because the trees would rarely have nectar 
water potential too low for infection (21). It seems very unlikely 
that the irrigation system would be directly involved in wetting 
blossoms to initiate an infection event because most systems cur-
rently used are drip irrigators, keeping the water out of the 
canopy. The percent relative humidity in the arid interior valleys 
of the west coast states and British Columbia is substantially 
lower than in the more humid eastern climates. The rain threshold 
was important in the arid environment because it did identify 
noninfection events well. However, it may be that, in an arid 
climate, changes in the relative humidity that can occur due to 
irrigation or some other factor may play a larger role than first 
thought. It also is possible that some infection events were trig-
gered by trauma such as frost or high winds but were indistin-
guishable from blossom blight in the data. These are areas that 
require further study, not only for improving blossom blight pre-
diction systems but also for better general understanding of the 
infection process. 

When Smith designed Cougarblight in the mid 1990s, one of 
his criticisms of available fire blight forecasting systems, includ-
ing MARYBLYT, was the overprediction of infection events, con-
tributing to the FPP (25). In an attempt to correct this problem, 
the 4-day degree-hour accumulation was used to approximate  
E. amylovora population growth, and an adjustment for inoculum 
dose, the potential for pathogen presence, was added (25). In the 
ROC curves (Fig. 5), the use of upper cutpoints in prediction of 
infection with both versions of Cougarblight gave high specificity 
(low FPP), much higher than MARYBLYT cutpoints in any data 
set. Whether this was due to the inoculum estimate or the degree-
hour accumulation was unclear. However, the same Cougarblight 
cutpoints had relatively low sensitivity, mainly <0.5, showing 
that, although these cutpoints infrequently predicted a false infec-
tion event, actual infections were not predicted when needed. In 
contrast, the greatest specificity for any MARYBLYT cutpoint, be-
cause the forecaster is currently designed with 7 or fewer cut-
points, was 0.73. This is evidence of overprediction of infection 
events, substantiating the criticism of Smith (29). Although the 
specificity of Cougarblight was higher than MARYBLYT, the sen-
sitivity of MARYBLYT cutpoints generally was higher, meaning 
that more infection events were detected. Overall, the predictions 
were about the same; however, MARYBLYT predictions were 
better at classifying cases and Cougarblight predictions at classi-
fying controls. 

Correlations between model predictions were calculated to see 
whether the models had similar predictions with the same data 
set. There was no consistent pattern among the various data sets 
where two of the models always had similar predictions (Table 4). 
Considering the overlapping 95% CIs of the AUCs for the models 
in each data set, it was expected that the correlation coefficient 
would be >0.80, as was reported in New York and Hungary (4,5). 
The highest correlation among model predictions occurred within 
the England data set. When looking at the cultivar data sets, it is 
interesting to note that although MARYBLYT and Cougarblight 
and rain had comparable forecast accuracy in the moderately sus-
ceptible cultivar data set but not with the very susceptible culti-
vars, the correlation coefficients were close in both data sets. 
Cougarblight predictions had low correlation coefficients with 
both MARYBLYT and Cougarblight and rain. With the cultivar 
data, Cougarblight, the only model without a rain threshold, 
identified separate infection events from the other two models. 
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A potential criticism of this study is that only 1 day per data set 
was used in the in ROC curve analysis. Because no quantitative 
symptom development information was available in the majority 
of the historical data sets, it was very difficult to determine which 
day with imminent infection risk was responsible for any ob-
served infections. The actual conditions that cause infection could 
be important for refinement or development of thresholds to im-
prove the accuracy of predictions. Even with symptom develop-
ment data, it would be difficult to resolve whether more than one 
infection event was responsible, especially if there were several 
consecutive days that were highly conducive to infection. The 
potential problem of selecting a day as most likely for infection 
was that the rest of the predictions for that season were not used. 
No indication of how well the forecaster performed on a whole-
season basis can be drawn from this ROC curve analysis. Many 
seasons had more than one predicted infection event; however, 
with disease incidence from historical data, there was no way to 
determine whether infection periods were under- or overpredicted 
within a season. A different method of assessment is needed to get 
the full picture of how the forecasters performed over the entire 
season. In other instances where ROC curve analysis has been 
used in assessing plant disease forecasters (11,32,33), the issue of 
multiple infection periods in a season has been either not a factor 
in the systems that were analyzed, or ignored. 

An important question of the use of economic thresholds in 
plant disease management was raised in respect to ROC analysis 
by Hughes et al., Madden, Yuen, and Yuen and Hughes (11,14, 
38,39). In many plant disease management systems, economic 
thresholds and an acceptable levels of crop loss are difficult to 
determine because of market variability. One manner of dealing 
with market variability is to develop ROC curves for several 
levels of damage. This leads to a different determination of cases 
and controls than is used in diagnostic medicine, and the impli-
cations are discussed in Hughes et al. (11). In this study, disease 
prevalence data were used rather than disease severity or an 
economic threshold, thereby defining cases and controls in the 
same manner as diagnostic medicine. This approach was taken for 
two reasons: (i) in many instances, incidence was the only disease 
measurement available in the historical data; and (ii) fire blight 
researchers, especially Steiner and Lightner (29), felt that any 
blossom infection was detrimental due to increased inoculum 
potential for later phases of the disease. 

Economics also are an important consideration when deter-
mining the best cutpoint to use for a forecaster. Youden’s index is 
commonly used for determining the overall non-error rate of a 
cutpoint. No single Cougarblight cutpoint could be identified as 
the overall most accurate with Youden’s index (Table 5). The 
optimal cutpoint varied between the two forms of Cougarblight in 
the same data set; therefore, it is difficult to make a recommen-
dation other than that the upper two cutpoints of each model 
tended to be the most accurate. The best cutpoint for MARYBLYT 
was determined to be number 7, imminent infection, in almost 
every situation. This showed that, if the TPP and FPP had equal 
importance in fire blight management, as was assumed with 
Youden’s index, then the most accurate timing of preventative 
sprays would be at imminent infection (10,16,37). It should be 
noted that, although the fire blight forecasters in this study pre-
dicted blossom blight infection better than chance, the level of 
accuracy was relatively low, with the majority of Youden’s index 
(Table 5) found to be <0.5 in this study. In the field, many con-
sultants and growers also consider recommending a spray appli-
cation at a MARYBLYT high risk level (H) in addition to immi-
nent. This is because, in fire blight management, most people 
would prefer to have a false positive prediction, although not too 
frequently, thereby spraying when it is unnecessary. In addition, 
wetting events are difficult to predict and can be unevenly dis-
tributed, especially when showers are forecasted. A wetting event 
often is the factor missing from a high to an infection event. False 

negative predictions are less desirable because of huge losses that 
could be incurred to replace an orchard due to a missed spray. The 
economic consequences of a missed spray are potentially much 
greater to an orchardist than applying an extra one (18). This 
ignores the long-term risk of the E. amylovora population devel-
oping antibiotic resistance in areas where it has not yet done so, 
such as populations have on the west coast of North America, and 
in Missouri and Michigan (13,15,23). To help balance all outcome 
consequences, cost function analysis of forecaster’s cutpoints 
attempts to pick the best cutpoint when the cost of true positive 
predictions and false positive predictions are assumed unequal 
(10,16). A cost function analysis of the various decision outcomes 
currently is underway and will be used to better select the optimal 
MARYBLYT cutpoint for various disease prevalence levels. 

It is possible that other fire blight forecasters, such as the 
Billing’s revised system, are more accurate. However, it was 
decided that the two forecasters compared in this study were the 
most relevant in the context of fire blight forecasting in North 
America because they are the most commonly used (4,12,18, 
25,34). It also was found that the Billing’s revised system was 
difficult to interpret but, most importantly for this study, not 
easily computerized (2). 
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