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Abstract

New concepts in phytopathometry continue to emerge, such as the evolution of the concept of pathogen
intensity versus the well-established concept of disease intensity. The concept of pathogen severity, defined
as the quantitative measurement of the amount of pathogen per sampling unit has also emerged in response
to the now commonplace development of quantitative molecular detection tools. Although the concept of
disease severity, i.e., the amount of disease per sampling unit, is a well-established concept, the accuracy
and precision of visual estimates of disease severity is often questioned. This article will review disease
assessment concepts, as well as the methods and assessment aides currently available to improve the
accuracy and precision of visually-based disease severity data. The accuracy and precision of visual disease
severity assessments can be improved by quantitatively measuring and comparing the accuracy and pre-
cision of rates and/or assessment methods using linear regression, by using computer-based disease
assessment training programmes, and by developing and using diagrammatic keys (standard area

diagrams).

Introduction

“How can plant pathologists apply advanced statistical
procedures or develop quantitative predictive models
based upon disease assessment data of unknown accu-
racy and precision?” David R. Mackenzie, 1979

The efficient application of any integrated disease
management programme requires accurate and
precise information concerning the quantitative
measurement of the disease and/or pathogen
population, yet the accuracy and precision of
quantitative disease/pathogen assessments in plant
pathology is often taken for granted (Main, 1977,
Zadoks and Schein, 1979; Gaunt, 1987; Kranz,
1988; Nutter et al., 1991; Nutter and Schultz,
1995; Nutter and Gaunt, 1996). Accurate and
precise disease (or pathogen) assessments provide
a quantitative link between disease management

theory and practice (Shokes et al., 1987; Nutter
et al., 1991; Nutter and Schultz, 1995). An integral
component of studying the interactions of host
and pathogen populations in time and space is the
ability to accurately discriminate between levels of
injury (disease intensity) caused by plant
pathogens.

Disease intensity is a generic term for the
amount of disease in a host population. Disease
intensity can be either the independent variable or
the dependent variable in stimulus-response
models; however, in both cases, disease intensity
needs to be quantified with a high degree of
accuracy and precision if meaningful predictive
models are to be developed (Nutter, 1990; O’Brien
and van Bruggen, 1992; Nutter and Gaunt, 1996;
Guan and Nutter, 2003). For example, quantifying
disease intensity—crop yield (loss) relationships
demands a high degree of accuracy and precision
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with regards to discase assessments because discase
intensity is used as the independent variable (X) in
single-point or area under the disease progress
curve (AUDPC) — crop yield (loss) regression
models (Guan and Nutter, 2001, 2004). The stim-
ulus (disease intensity) must be measured accu-
rately in order to develop yield response or yield
loss models that have adequate predictive
capabilities.

The symbol Y is often used to represent a
measure of disease (or pathogen) intensity because
disease intensity assessments are often graphed on
the y-axis with respect to time (X-axis). The
graphical representation of disease intensity versus
time is referred to as a disease progress curve,
whereas the graphical representation of pathogen
intensity versus time is referred to as a pathogen
progress curve (Nutter, 2001). A disease (or
pathogen) progress curve is the signature of an
epidemic and represents the integration of all host,
pathogen, and environmental effects (including
pathogen vectors and disease management tactics)
that occur during the period of host—pathogen
interaction (Campbell and Madden, 1990; Nutter,
1997b).

Quantification of disease intensity also requires
a high degree of accuracy and precision when
disease intensity is the dependent variable (Y) to
quantify the rate of disease progress with respect
to time (X), or the change in disease intensity with
respect to distance (X). In both cases, X (time or
distance) can be measured with great accuracy,
and therefore, the accuracy and precision of dis-
ease intensity assessments (Y) directly affect how
much of the variation in Y can be explained by X
in such models.

Disease assessment defined

The branch of plant pathology that deals with the
theory and practice of quantitative disease (and/or
pathogen) assessment is known as phytopathom-
etry (Main, 1977, Zadoks and Schein, 1979;
Campbell and Madden, 1990). Disease assessment
is defined as the act (or process) of quantitatively
measuring disease intensity (Campbell and Mad-
den, 1990; Nutter et al., 1991; Nutter and Gaunt,
1996). In plant pathology, there are two basic and
distinct populations that can be quantitatively as-
sessed: the pathogen population and the disease
population (Nutter, 1997b, 1999). Because plant

disease epidemics result from the interaction of
host and pathogen populations in time and space,
as affected by the environment, quantification of
the disease population usually involves an assess-
ment of visible injury (disease symptoms). This is
true because disease injury is often directly pro-
portional to the size of the pathogen population
(Nutter et al., 1991; Nutter and Guan, 2001). On
the other hand, pathogen assessments can be
obtained by directly measuring the pathogen
population (e.g. the number of spores, sclerotia,
nematodes, etc.) per unit area or volume, or the
use of a detection method to determine the pres-
ence or absence of a pathogen for each sampling
unit (e.g., ELISA or PCR to detect the presence of
a pathogen in or on a sampling unit). Thus,
researchers can perform disease assessments or
pathogen assessments (or both); however, these
terms should not be used interchangeably because
they represent different populations being assessed
(Nutter, 1997b, 1999, 2001).

Disease versus pathogen intensity

Disease intensity (Y) is a general (generic) term
used for quantifying the amount of disease in a
population (Campbell and Madden, 1990; Nutter
et al., 1991; Nutter and Gaunt, 1996). In plant
pathology, the three most common measures of
disease (and pathogen) intensity are: (i) preva-
lence, (i) incidence, and (iii) disease severity. Dis-
ease prevalence is a term that is often used
interchangeably (and mistakenly) with disease
incidence. Prevalence is defined as the number of
geographical sampling units (fields, farms, coun-
ties, states, regions, etc.) where a disease or path-
ogen has been detected, divided by the total
number of geographical sampling units assessed
(Zadoks and Schein, 1979; Campbell and Madden,
1990; Nutter et al., 1991; Nutter and Gaunt, 1996).
It is important to distinguish disease prevalence
from pathogen prevalence. Disease prevalence
measures the proportion (or percentage) of geo-
graphical sampling units (fields, counties, coun-
tries, etc.) where a disease (expressing symptoms)
has been found to occur, divided by the total
number of geographical sampling units inspected
or surveyed, whereas pathogen prevalence is a
measure of the number of geographical sampling
units where the pathogen has been detected (e.g.,
by direct plating, inspections for the presence of



pathogen signs, ELISA, PCR, etc.), divided by the
total number of geographical sampling units that
were inspected, tested, or indexed (Nutter, 2001).
Prevalence data are often multiplied by 100 to
express as a percentage. A single diseased or in-
fected plant (or plant part) is all that is required to
change the status of a geographic sampling unit
from negative (—) to positive (+), provided the
sensitivity of the method is sufficient to detect the
presence of a pathogen in a bulked (diluted)
sample. Bulking samples is particularly useful
when pathogen incidence is low because the
number of bulked samples tested or indexed is
often less than the number of individuals sampled
and processed, thus reducing the cost of detection
per sampling unit (Nutter and Gaunt, 1996;
Nutter, 1997b).

Disease incidence is defined as the number of
sampling units (e.g., leaflets, leaves, stems, tillers,
whole plants, seeds, etc.) that are diseased
(expressing symptoms), divided by the total num-
ber of sampling units sampled and assessed (Nut-
ter et al., 1991; Nutter, 1997b, 1999). As with
prevalence, it is important to make a clear dis-
tinction as to whether incidence is based on
detection of the pathogen or on the basis of disease
(visual symptoms) in a host population (Nutter,
2001). Progress curves based on pathogen detec-
tion (indexing) methods, such as ELISA, may
closely mirror progress curves based on disease
symptoms (Padgett et al., 1990; Nutter 2001);
however, in many instances, the use of different
disease assessment or pathogen detection methods
may result in progress curves with quite different
shapes and rates (Nutter, 1997b, 2001).

Disease severity is a measure of the amount of
disease per sampling unit and it is this particular
type of measurement that this article will focus
upon (Nutter et al.,, 1991; Nutter, 1997b).
Researchers should clearly define disease severity
by providing not only a descriptive definition, but
also an operational definition that includes the
dimensions that were used to assess disease. In
plant pathology, disease severity is most often
operationally defined as the diseased leaf area (%),
divided by the total leaf area of a leaf or sampling
unit (L?)x 100, i.e., (*/L*x100) to obtain percent-
age disease severity (James, 1971; Nutter et al.,
1991). Other common measures of disease severity
include the number of lesions/leaf (or sampling
unit), the number of lesions/cm? of leaf (or other
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sampling unit), or the area of non-green tissue of a
sampling unit divided by the total area of the
sampling unit x 100 (Nutter, 2001). Disease
severity could be also defined as the volume of a
disease-induced gall (using the equation and
dimensions for a cylinder or a sphere, etc.), as is
done in human epidemiology for cancerous tumors
(Nutter, 1999).

The concept of pathogen severity is becoming
more widespread as new methods are developed to
quantify the amount of a pathogen present in a
sampling unit. Examples include the use of quan-
titative PCR methods to estimate the amount of
virus (or pathogen) present per gram of leaf tissue,
or the number of nematodes per gram of root
tissue. In spite of advances concerning the concept
of pathogen severity, the majority of severity
assessments employed today usually involve visual
estimates of disease severity (7*/L*x100), and yet, a
number of critical questions still remain. At the
top of the list of such questions is: how can we do
better to improve the accuracy and precision of
visual disease assessments? This article will address
specific ways to improve the accuracy and preci-
sion of diseases assessments. These are: (i) use of
regression to quantify the precision of disease
raters and/or assessment methods, (i) the use of
computer-based assessment training programmes,
and (iii) the use of standard area diagrams
(diagrammatic keys) in colour.

Use of linear regression to assess and compare the
precision of assessment methods

The expenditure of time and money to develop,
evaluate, and compare disease assessment methods
can prevent serious flaws (e.g., rater bias) in data
acquisition. Disease assessment methods should
provide accurate and precise information that sat-
isfies the goals and needs of the research (Nutter
and Gaunt, 1996). Campbell and Madden (1990)
have defined precision as the lack of variation in
disease estimates when the same sampling units are
evaluated by other raters. However, this definition
of precision excludes another potential source of
error, i.e., the repeatability of individual raters
(Nutter et al., 1993). Shokes et al. (1987) proposed
using a test-retest procedure using correlation
analysis to quantify rates repeatability; however,
this method provides a measure of precision
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(agreement) among raters and does not quantify
the degree of bias among raters.

Simple linear regression provides a powerful
method to quantify the degree of error (bias) due
to raters or assessment methods (Nutter et al.,
1993). Regression analysis has been used to
determine the relative precision of a visual assess-
ment method (disease severity) and a remote
sensing assessment method (reflectance at 600 nm)
in which a hand-held, multispectral radiometer
was employed (Nutter et al., 1993). The discase
assessed was dollar spot of bentgrass (caused by
Sclerotinia homoeocarpa). The precision of differ-
ent disease assessment methods and raters can be
evaluated and compared by operationally defining
intra-rater repeatability and inter-rater reliability
(Nutter and Schultz, 1995). Intra-rater repeat-
ability for different assessment methods can be
determined by regressing one set of measurements
(Y) (obtained by each rater) with a repeated set of
measurements (X) performed on the same set of
sampling units. The parameters and statistics used
to compare the intra-rater repeatability of different
assessment methods and/or raters are: slope,
intercept, coefficient of determination (R?), coeffi-
cient of variation (CV), and the standard error of
the estimate for Y (SEEy) (Nutter et al., 1993;
Nutter and Schultz, 1995). A slope significantly
less than or greater than 1.0 would indicate the
presence of systematic bias and the greater the
deviation from 1.0, the greater the systematic bias
for a specific rater and/or method. This is because
for each 1% increase in estimated disease severity
the first time a set of sampling units is assessed,
there should be a corresponding 1% increase in
estimated disease severity when the same set of
sampling units are assessed a second time by the
same rater or method (Nutter et al., 1993). An
intercept significantly different from zero indicates
the presence of another form of bias that is con-
stant for all disease levels evaluated. The use of R>,
CV, and SEEy values to quantify and compare the
precision of discase assessment methods or raters
has been previously described (Nutter et al., 1993;
Nutter and Schultz, 1995; Nutter, 2001). Likewise,
linear regression can be used to quantify precision
among raters or methods (inter-rater reliability) by
having two or more raters (and/or methods) assess
the same set of sampling units, and then evaluating
the slopes, intercepts, R, CV, and SEEy values
(Nutter et al., 1993).

Disease assessment training with computer
programmes

The accuracy and precision of disease severity
assessments have come into question due to the
measurable bias that different raters have shown
when evaluating the same set of diseased sampling
units (Sherwood et al., 1983; Forbes and Jeger,
1987; Kranz, 1988; Nutter et al., 1993). Accuracy
can be defined as the measure of the closeness of a
disease assessment to the true value (Nutter et al.,
1991; Zadoks and Schein, 1979). When assessing
disease severity, the stimulus (X) is the actual dis-
ease severity of a sampling unit and the rater’s
estimate of disease severity (Y) is the response. For
each 1% increase in actual severity, we would ex-
pect a rater to also to estimate a 1% increase, i.e.,
the slope should be equal to 1.0 (no systematic
bias) and the intercept should not be significantly
different from zero (no constant bias present).
Accuracy cannot be properly evaluated unless the
researcher is confident that the actual (true) dis-
ease severity can be measured absolutely. This is
easily achieved using computer-generated images
of diseased leaves because the computer can be
programmed to calculate the number of non-green
(diseased) pixels in an image, divided by the total
number of pixels in the image x 100 to obtain a
true measure of percentage disease severity (Nutter
and Litwiller, 1998; Nutter et al., 2000). The use of
computer programmes to enhance learning has
become widely accepted for several reasons
(Nutter, 1997a). One advantage of computer-aided
disease assessment training is that a full range of
disease severity levels can be presented as stimuli
to which operators of the programme respond.
Nutter and Worawitlikit (1990) built upon the
computer-based disease assessment training con-
cept by developing a computer programme to as-
sess diseases of peanut called Disease.Pro.
Recognizing the tremendous potential to improve
the accuracy and precision of disease assessments
through computer-based training programmes,
Nutter and Litwiller (1998) later developed a more
generic disease assessment training programme
(Severity.Pro) that allowed the user to select from
a menu of leaf shapes (alfalfa, apple, barley,
cucumber, grape, tomato, etc.) and lesion types
(anthracnose, blotch, downy mildew, target spot,
powdery mildew, etc.) to mimic almost any foliar
pathosystem. Severity.Pro was recently rewritten



in Java to be more compatible with present-day
operating systems.

The most current version of Severity.Pro all-
ows raters to: (i) choose whether or not they
want the actual severity to be immediately dis-
played (feedback), (ii) choose the number of
leaves to be assessed and the size of the lesions
that will appear on diseased leaf images (small,
medium, large, or random), (iii) view graphs of
the absolute error (Y) versus the actual severity
(X) (absolute error is defined as the estimated
severity minus the corresponding actual severity),
and (iv) regress the rater’s severity estimates (Y),
against the actual disease severities (X). These
changes allowed for a more powerful training
tool because: (i) raters can take a pre-test (with-
out feedback before training) to provide a base-
line of how different disease severity levels are
perceived, (ii) the data can be viewed in graphical
form and analyzed by regression, (iii) raters can
execute a drill and practice session and receive
feedback as to the actual level of disease severity
immediately after the estimated severity is keyed
in, (iv) rater improvement and, more importantly,
the degree of rater improvement can be
documented by having raters take a post-test
(without feedback after training) and then com-
pare pre- and post-test regression parameters and
statistics, and (v) the results of pre- and post-tests
can also be used to evaluate and compare rater
performance.
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Computer-based disease assessment training
programmes provide a useful platform for teach-
ing disease assessment theory and hands-on prac-
tice. For example, the results of computer training
for six raters using Severity.Pro are shown in
Table 1. The six raters evaluated computer-gen-
erated images of grapevine leaves infected by
downy mildew by assessing 30 images before and
after training. In pre-tests, one rater (Rater 2)
generally overestimated downy mildew severity
throughout the range of the severities tested, with
rater error being as high as 21% (solid circles,
Figure la). Following training, Rater 2’s estimates
were within 5-10% of the actual severity levels
(open circles, Figure 1a). Figure 1b shows that this
rater also had a constant bias of 6.8% prior to
training (Y-intercept) and that this bias was
reduced to near zero (—0.14%) after computer-
based training using Severity.Pro. Based on R’
values, the precision of Rater 2 was also signifi-
cantly improved following training (R* was 95%
following training compared with 85% prior to
training). As a group, five of the six raters dem-
onstrated improvement in precision following
computer training, as measured by improvement
in the coefficients of determination (R?) (Table 1).
Three of the raters had R values that were 6-11%
higher after training. The other three raters (rater
1, rater 4, and rater 6) were already highly precise
and their R?> values increased 2, 1, and 0%,
respectively.

Table 1. Y-intercepts®, slopes®, coefficients of determination (R?)°, and standard errors of the Y-estimate (SEEy)® for six raters be-
fore training (pretest) and after training (posttest) using a computer programme that simulates downy mildew of grapevines (adap-

ted from Nutter, 2001)

Rater Pretest Posttest
Intercept Slope R? SEEy Intercept Slope R SEEy

1 -7.19 1.11 0.94 2.74 -1.52 1.01 0.96 1.95
2¢ 6.83 1.02 0.85 3.80 -0.14 0.94 0.95 1.97
3 —-6.30 0.91 0.91 2.83 7.21 0.83 0.97 1.41
4 1.89 1.06 0.91 2.97 0.61 0.82 0.92 2.25
5 -1.13 1.27 0.84 4.69 —8.46 1.05 0.94 2.61
6 1.77 1.01 0.97 1.62 -3.10 1.03 0.97 1.76
Improved 3/6 2/6 5/6 5/6

#Y-intercepts that deviate from zero indicate the presence of a constant source of rater bias with regards to accuracy.

®Slopes that deviate from 1.0 indicate the presence of a systematic source of rater bias with regards to accuracy.

°The higher the coefficient of determination (R?), the higher the precision of rater estimates.

9The lower the standard error of the Y-estimate, the higher the precision of rater estimates.

°Data for Rater 2 are shown in graphical form in Figure 1 as this data would appear in the disease assessment computerized training

programme Severity.Pro (Nutter and Litwiller, 1998).
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Figure 1. Improvement in the (a) absolute error (estimated
minus actual disease severity) and (b) accuracy (slope, inter-
cept) and precision (R?, SEEy) of Rater 2 (from Table 1),
before and after disease assessment using the computer
program Severity.Pro (Nutter and Litwiller, 1998).

As stated earlier, the standard error of the
Y-estimate is another important measure of rater
precision. This statistic provides information con-
cerning the degree of error associated with a pre-
dicted value of Y. Therefore, the lower the SEEy,
the higher the precision (Nutter and Schultz,
1995). For five of the six raters, SEEy values
decreased following disease assessment training by
an average of 40% (3.41 to 2.04). Rater 6 showed
no significant change in pre-test versus post-test
SEEy values because this rater was already very
precise (i.e., rater 6 had very low SEEy values in
both pre- and post-training tests). Thus, comput-
erized disease assessment training programmes
provide an important educational tool that can be
used to teach disease assessment theory and
concepts, as well as to substantially improve both

the accuracy and the precision of disease assess-
ment data.

Use of standard area diagrams to improve the
accuracy and precision of disease severity
assessments

Disease assessment keys, also known as diagram-
matic keys or standard area diagrams are pictorial
diagrams that depict the true amount of injury
(usually disease severity) on individual sampling
units (quadrats, whole plants, leaves, fruit, tubers,
etc.). Disease severity of each individual diagram is
expressed as a percentage of the total surface area
of each sampling unit (disease area/total area of
the image x 100) (Nutter and Esker, 2001). Stan-
dard area diagrams (SADs) provide raters with a
series of reference images that are accepted to be
the truth in terms of the actual amount of injury
(severity) depicted on each disease diagram. Clive
James developed and marketed the first series of
black and white standard area diagrams (James,
1971). More recently, Nutter and Litwiller (1998)
developed and tested a computer programme
(Severity.Pro) that generates standard area dia-
grams in colour. Thus, Severity.Pro provides a
powerful tool to generate, capture and print dis-
eased leaf images with known severity levels in
colour (Nutter etal, 1998). This enables
researchers to create a series of pictorial colour
diagrams that can be used as an assessment aid to
improve the accuracy and precision of disease
assessment data. Although it has long been as-
sumed that the use of standard area-diagrammatic
keys will help to improve the accuracy and preci-
sion of visual disease severity assessments per-
formed by raters (James, 1971; Horsfall and
Cowling, 1978; Kranz, 1988), only recently have
definitive studies been conducted to demonstrate
that the accuracy and precision of disease assess-
ments are actually improved when standard area-
diagrammatic keys are used (Godoy et al., 1997;
Nutter et al., 1998; Leite and Amorim, 2002;
Gomes et al., 2004). As part of a class exercise for
students enrolled in a course in plant disease epi-
demiology at Iowa State University, 10 raters were
asked to assess 30 diseased leaf images (repre-
senting a range of disease severities) of downy
mildew of grape, both with and without the use of
colour-standard area diagrams (Nutter and
Litwiller, 1998). When individual rater estimates



were regressed against the true disease severity
levels as calculated by the computer programme, it
was found that rater estimates of disease severity
were much closer to the actual (true) severity levels
when raters used standard area diagrams as an
assessment aid to assess disease severity (Nutter
and Esker, 2001).

As an example, Figure 2 shows a typical situa-
tion regarding accuracy and precision of visual
assessments performed by one rater with, and
without, the use of standard area diagrams for
grapevine downy mildew. When using the stan-
dard area diagrams, this rater had greater accuracy
(less systematic and constant bias) as indicated by
a slope closer to 1.0 (1.05) and a Y-intercept closer
to zero (—0.28%) compared to the slope (0.86) and
intercept (5.34%) when not using the standard
area diagrams. Moreover, R* values were higher
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Figure 2. (a) Estimated severity of grapevine downy mildew
compared with actual (true) severity when assessing computer
images without the use of standard area diagrams and (b)
Estimated versus actual severity when using standard area
diagrams. Improvements were apparent as both systematic
and constant bias were reduced.
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and SEE, values were lower when standard area
diagrams were used, indicating there was a signif-
icant increase in the precision of the assessment
data when using the standard area diagrams.

As a class, statistical analyses for accuracy
showed that eight of the ten raters achieved
intercepts closer to zero (less constant bias) and
that seven of the ten raters achieved slopes closer
to 1.0 (less systematic bias) when standard area
diagrams were used (Nutter and Schultz, 1995).
Statistical analyses for precision showed that seven
of the ten raters achieved higher coefficients of
determination (R?), and eight of the ten raters had
lower standard errors of the estimate for Y (SEEy)
when standard area-diagrammatic keys were used
as an assessment aid. Thus diagrammatic standard
area-assessment keys can substantially improve
both the accuracy and the precision of visual
disease assessments.

Summary and conclusions

The potential for rater bias (under- or over-esti-
mation of the actual level of disease severity) is an
ever-present concern that should receive serious
consideration by researchers when raters are
making visual disease assessments and will use that
information as the basis to develop stimulus—re-
sponse models, or to evaluate and compare disease
management tactics, strategies, or integrated dis-
ease management systems (Zadoks and Schein,
1979; Gaunt, 1995; Nutter, 1997b, 1999, 2001).
Rater bias, however, can be effectively reduced.
Disease assessment training programmes using
computer-generated images of disease leaves have
been shown to improve both accuracy and preci-
sion (Nutter and Schultz, 1995; Nutter and Parker,
1997, Nutter and Litwiller, 1998). Moreover,
studies by Godoy et al. (1997), Gomes et al. (2004),
Nutter (2001), and Nutter and Esker (2001) have
documented that the use of standard area diagrams
as an assessment aid for visually assessing disease
severity can also significantly improve the accuracy
and precision of disease severity assessment data.
The use of both computer-based disease assessment
training programmes and standard area diagrams
to improve the accuracy and precision of disease
assessment data are not mutually exclusive, as both
methods should be used to obtain the best disease
assessment data possible. Finally, the use of
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regression to evaluate and compare the accuracy
and precision of: (i) colour disease assessment
protocols (e.g., use of a linear scale versus a loga-
rithmic disease assessment scale) (Nutter and Es-
ker, 2005), (i) disease assessment instruments (e.g.,
image analysis or remote sensing sensors and
instruments) (Nutter, 1990, Guan and Nutter,
2004), and/or (iii) disease raters, can provide
researchers with statistical methods to determine
the accuracy and precision of disease assessment
data (Nutter et al., 1993; Nutter and Littrell, 1996;
Nutter, 1997a; Guan and Nutter, 2003). Thus,
researchers can and should place greater focus
upon evaluating, comparing, and selecting the best
disease assessment protocols, instruments, and/or
raters that best meet the goals of the research.
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