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Classic growth curve models used in the analysis of plant disease
epidemics include several implicit assumptions. If these assumptions are ignored, erroneous conclusions about disease progress
may follow. One of the five assumptions listed by Campbell and
Madden (4, p. 204) is that there is a constant host area to be
infected (or diseased). A corollary to this assumption is that all
host tissue can be infected and, thus, a disease intensity of 100%
can be achieved (4,24). For simplicity, many applications of disease
progress models assume an asymptote and a maximum level of
disease intensity (Kmax) of 100% or 1.0, but this assumption is
not valid for many diseases (1,11,19). For example, many leaf
spots and rusts have a maximum disease severity of 25-40%
(11,14). The true asymptote or carrying capacity of the host for
disease is a function of the amount of susceptible host tissue
available and the extent to which infections from existing diseased
tissue can expand into healthy tissue. Both of these factors can
change with time (24).
Growth curve models can be altered in various ways to represent
plant disease epidemics more realistically. A parameter representing actual Kmax on host tissue can be used with growth curve
models, such as the monomolecular, Gompertz, and logistic
models. A Kmax parameter may be as valuable as the rate parameter, r,, in characterizing epidemics (4,15,19). Analytis (1,2) first
suggested that the value of Kmax could affect the calculation of
the r* of growth functions applied to plant disease epidemics.
Park and Lim (19) illustrated mathematically how rates of disease
increase are underestimated when calculated with traditional
models of disease progress under the assumption that Kmax -1.0 when actual Kmax < 1.0. They presented the problem of making
the assumption that Kmax - 1.0, but they did not calculate the
magnitude of underestimation for a wide range of values or a
variety of growth models. Our objective was to quantify the effect
of assuming that Kmax = 1.0, when it was actually lower, on
the calculation of the rate of disease increase (r,) for a range
of Kmax and rate values for the monomolecular, Gompertz, and
logistic models (Fig. 1). The effect is examined from both
theoretical and empirical perspectives, and guidelines are provided
for two practical approaches to solve the problem using regression
analysis.
Procedure. Theoretical predictions of r, at varying Kmax were
determined from the linear forms of the monomolecular,
Gompertz, and logistic models by implementing a Turbo BASIC
program for use on a personal computer. The following linear
expressions were solved for y (levels of disease) at two epidemic
durations (i.e., 30 or 45 days).
Monomolecular:
Gompertz:
Logistic:

disease increase were weighted mean absolute rates (21) ranging
from p = 0.00166 to p = 0.05 in increments of 0.005 transformed
to give equivalent rates for the monomolecular (rM), Gompertz
(rG), and logistic (rL) models. Equivalent rates were calculated
as r. = p (2m + 2)/K, with m as the parameter of shape for
the disease progress curve (0, 1, and 2 for the monomolecular,
Gompertz, and logistic models, respectively [21]). Values for K
(-Kmax) ranged from 0.25-1.0 in increments of 0.05.
Disease levels (y) at the end of a specified epidemic duration
were calculated for each combination of values for Yo, r*, and
Kmax. Then, the linear expressions for each model (eq. 1-3) were
solved for r., assuming K = 1.0. The r. used to solve for y
in linear equations 1-3 with varying actual Kmax values (0.25-1.0)
was compared with r, calculated with an assumed Kmax
1.0
to quantify the percentage of underestimation (eq. 4).
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A range of initial disease (Yo = 0.01 to 0.0001) and standardized
rates (r,) of disease progress were used. Standardized rates of
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Fig. 1. A, Curves of data from the monomolecular (M), Gompertz (G),
and logistic (L) models calculated with a standardized mean rate (p =
0.0375) (21), Yo = 0.01, and Kmax = 1.0 for an epidemic duration of
45 days. B, Curves of data from the logistic model calculated with Kmax
= 1.0 and Kmax = 0.4 using equivalent Yoand p values for an epidemic
duration of 45 days.
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TABLE I. Sources of empirical disease progress data from published studies that were used to estimate the magnitude of underestimation
of disease increase when maximum disease (Kmax) was assumed to equal 1.0
Figure 3
denotation

Reference

Host

Disease/pathogen

Modela

3
Black shank
7
Trichoderma harzianum with
Rhizoctonia solani or Sclerotium rolfsii
5
Melon
Fusarium wilt
8
Watermelon
Fusarium wilt
12
Fraser fir
Phytophthora root rot
13
Cotton
Phymatotrichum root rot
16
Tobacco
Tobacco etch virus and
tobacco vein mottling virus
17
Tomato
Early blight
18
Sunflower
Sclerotinia wilt
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Early blight
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Southern blight
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bData received from P. B Shoemaker, some of which are published (25).

TABLE 2. Equationsa used in nonlinear regression for analysis of empirical disease progress data
Kmax =

Model

Actual

1.0

Bb

Kmax

y = K[l-B exp(-rMt)]
y =1 -- B exp(-rMt)
Monomolecular
y = K[exp(-B exp(-rGt)]
y = exp[-B exp(-rGt)]
Gompertz
y = K/[ + exp(B-rLt)]
y = 1 I + exp(B-rLt)]
Logistic
'K (=Kmax) = maximum level of disease (y) or asymptote of disease progress curve; y = disease at time of observation; Yo
at first observation; rM, rG, and rL = rate of disease increase for the specific model; t = epidemic duration.
bConstant of integration, i.e., with no implied biological importance.
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Fig. 2. Percent underestimation of r, (=[p (2m + 2)]/Kmax [21]) when r, values with assumed Kmax--- 1.0 were compared with r, values with
actual Kmx for monomolecular (A and D), Gompertz (B and E), and logistic (C and F) models. Epidemics of 30-day (A-C) and 45-day (D-F)
duration with y0 = 0.0001 are illustrated. The rotation of x and y axes must be considered to accurately read percentage values on the y axis.
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The effect of a longer epidemic duration on the underestimation
of r* was assessed by comparing the underestimation of r* for
epidemics of 30- and 45-day durations. The results were illustrated
using a smoothed spline estimation in PROC G3GRID and PROC
G3D of SAS ver. 6.04 for microcomputers (23).
To validate theoretical predictions, original disease progress
data were requested from authors for published studies of soilborne and foliar epidemics of fungal and viral diseases (Table
1). These studies were selected mostly from the 1986-1990 volumes
of Plant Disease and Phytopathology. The principal criteria for
selection of data sets were 1) a satisfactory number of data points
in time to permit fitting of nonlinear models, i.e., >-9 (15); 2)
a satisfactory spacing of data to permit estimation of asymptotes
and rate parameters (15); and 3) the attainment of a definite
asymptote. Only 10 data sets were found in the literature to satisfy
the established criteria; in addition, one unpublished data set was
found to satisfy the criteria. Of the 11 data sets, two represented
pathosystems with airborne fungal inoculum, eight represented
pathosystems with soilborne fungal inoculum, and one represented
a viral pathosystem; no data sets involving bacterial pathogens
were found that satisfied the criteria for selection. No criticism
of original methods of analysis or conclusions drawn by the
authors is intended.
The linear forms of the logistic, Gompertz, and monomolecular
models were examined for goodness-of-fit to each data set. Appropriateness of model selection for each data set was appraised
by plotting standardized residuals versus predicted values and
examining unadjusted coefficients of determination (r 2) from
linear regression analyses (4). All linear regression analyses were
performed using the General Linear Models procedure (PROC
GLM) of SAS ver. 6.04 (22). Model selection was based on
statistical fit; therefore, no inference of the biological nature of
the pathosystem was intended by the model selected (4,10,20).
After the most appropriate model was selected, r, was estimated
for models with assumed Kmax = 1.0 and compared with r,
calculated from the same general model with actual Kmax values
using nonlinear regression. Data for each replicate of each treatment were analyzed as a separate curve. Disease progress data
were analyzed using the integrated, nonlinear form of the appropriate growth model (Table 2). Nonlinear regression permitted
simultaneous estimations of rt and Kmax parameters. Initial disease
(Yo) also could have been estimated, but we felt that three parameters were too many, given the number of observations in the
data sets. Thus, Yo was incorporated into a constant of integration
(B) (Table 2).
All data were proportional (not percentage) and not transformed. Transformations were not appropriate for fitting
nonlinear curves. Parameters and associated statistics were estimated using a least squares, nonlinear regression procedure
(PROC NLIN) with Marquardt's compromise method (6) in SAS
ver. 6.04 (22). The lower and upper bounds were specified as
>0.0 and <0.3 for r, and >0.0 and •51.0 for Kmax, respectively.
If one of the parameters failed to converge at a value between
its limits, at least two different initial estimates were attempted.
Results. From our analyses with theoretical data, the underestimation of r, inKnax decareased
most for the
monomolecular model and less for the Gompertz and logistic
models, respectively (Fig. 2). An increase in degree of underestimation of r, with greater standardized mean rates of disease
progress also occurred. The monomolecular model was least
sensitive and the Gompertz and logistic models were most sensitive
to changes in standardized rates (Fig. 2). When epidemic duration
was 45 days, rather than 30 days, effects of decreased Kmax and
increased standardized mean rates of disease progress resulted
in greater underestimation of r,, especially for the Gompertz and

logistic models (Fig. 2).

The underestimation of rm was affected more by decreasing
Kmax than by increasing r* for disease progress in the monomolecular model; the opposite was true for the value of rL with
the logistic model. Changes in Kmax and r* affected the underestimation of rG similarly in the Gompertz model. The degree
of underestimation of rate of disease progress depends on the

specific model, the actual rate of disease increase, and the closeness
of the actual value of Kmax to 1.0. The problems were accentuated
with lower actual Kmax values, higher rates of disease progress,
and longer epidemics.
Theoretical predictions were confirmed by examination of the
empirical data. Underestimation of rates of disease progress in
curves calculated from empirical data with Kmax = 1.0 compared
with actual Kmax decreased linearly with greater estimated Kma,
for all growth models (Fig. 3). The epidemics analyzed represented
a range of hosts, pathogens, and disease types, e.g., foliar, systemic,
wilt, and root diseases (Table 1). These consistent results confirm
that Analytis (1,2) and Park and Lim (19) were correct when
they stated that it often is inappropriate to assume that Kmax
= 1.0, especially for disease progress curves that have low
asymptotic values.
Recommendations. Estimation of Kmax can be perplexing,
especially for diseases that do not have a predictable or repeatable
maximum intensity. Presently, it is not possible to classify
pathosystems with regard to potential Kmax based solely on
biological criteria. For example, not all diseases caused by soilborne pathogens would be expected to have Kmax < 1.0. The
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Fig. 3. Linear regression between percent underestimation of r., the rate
of disease increase if it is assumed that Kmax = 1.0, and actual Kmax
values for published data (see Table I for references associated with
symbols) that fit the A, monomolecular, B, Gompertz, and C, logistic,
models. The 95% confidence intervals around the regression lines are
illustrated.
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ideal approach to solve this problem would be to use nonlinear
regression analysis to describe the data sets obtained. Kmax can
then be estimated as one of the unknown parameters. However,
this procedure has the limitation of requiring at least three
e
observations of disease through time for eachiparameter
model estimated, i.e., the equations solved for this study required
a minimum of nine observations through time. Without this
minimum number of observations, convergence of the model for
the empirical data may become impossible. Knowledge of the
partial derivatives for each parameter of each model is generally
needed to run nonlinear regression.
In cases with too few observations through time to permit
nonlinear regression analyses, the approach of linear regression
is available. However, linear regression requires estimation of
Kmax from empirical data before analysis (9), which requires some
professional judgment. If the maximum level of disease were
constant for a given pathosystem, measured disease severity simply
could be divided by the maximum disease severity and y analyzed
as the proportion of host tissue diseased relative to the maximum.
This procedure would in effect provide a scaled or proportional
Kmax value of 1.0. Otherwise, Kmax may represent the maximum
1) across treatments or among epidemics, 2) by
of disease
level
orslocationcors3)tfortindividualmplots.iTheiadvantage
treatment
or 3) for individual plots. The advantage
or
location,
treatment
of using method 2 or 3 is that actual Kmax may vary by treatment
or experimental location, which may result in selection of Kmax
that is too high for some treatments. If the estimate of Kmax
is too high, the problem of underestimation of the rate parameter
will be repeated.
The next step for either analytical approach is to compare rate
parameters calculated from disease progress curves with different
mean absolute rates
Weighted
values and growth
Kmax
parameters
ted ompen rabste
cdelus.
indgree models.
(p) (2v1)ofealues
(p) (21) of disease increase can be used to compare rate parameters
among models with contrasting Kmax values and shape parameters
(m). These rate values can be calculated as p = r*K/(2m + 2),
where m is the parameter for the shape of disease progress curve
(0, 1,and 2 for the monomolecular, Gompertz, and logistic models,
respectively), r. is the rate of disease increase for the specific
model, and K (-Kmax) is the maximum level of disease (4,21).
Gray et al (9) illustrated the use of p for comparing epidemics
with different shape parameters. Values of p should be compared
by analysis of variance procedures in agreement with the
experimental design of the experiment. When K values are
equivalent, the K parameter can be dropped from the equation.
If K values are different but the same model holds (i.e., fixed
shape parameter), then r.K could be calculated as an overall
(mean) measure of the absolute rate (4).
Our study reemphasizes and demonstrates clearly the importance of including actual Kmax in asymptotic models of disease
progress as originally proposed by Analytis (1,2) and demoncas
gratessm
strated mathematically by Park and Lim (19). The effect of using
incorrect Kmax values occurs over a wide range of values for Yo
and r. and for the three models used widely in plant pathology
to describe disease progress curves. Practical approaches to
including Kmax in growth models are available and should be
used whenever maximum or asymptotic values of disease intensity
are less than 100% or 1.0.
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