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the First-Order Degradation of Pest-Control Substances in Soil
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First-order kinetic models are often used to profile the degradation of pest-control compounds in soil.
This approach is based on enzyme theory and is often favored due to its simplicity and its requirement
by regulatory agencies. Here, linear and nonlinear regression approaches to modeling first-order
decay are compared. Composite residual plots of many soil degradation data sets are presented on
a normalized scale. These plots illustrate the general error structure for the data and are useful for
detecting common mis-specifications of the models. Results indicate that a nonlinear regression
approach to modeling first-order decay of compounds in soil more accurately describes most data
sets when compared with a linear approach. Specifically, the observed error structure does not support
the broad use of a logarithmic transformation to stabilize the variance. In addition, models generated
using the linear approach generally exhibit more dramatic systematic deviations from the observations
as compared with models generated using the nonlinear approach. The analysis methods described
here may be useful for comparing alternative models in this and other research areas.
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INTRODUCTION assumed that these enzymes are at much higher concentration

Determining h idl bstrate d des i than the pest-control substance. Under these conditions, the
-etermining how rapidly a substrate degrades IS a Common s 4 alis—Menten rate law would predict a first-order decay
objective of many scientific studies. The degradation rate for a

pest-control substance is often considered when the safety of & a“e”.‘ I(IS). More Soﬂhlsﬁ'((.:ate.d mecr%anlstlcllmgdels gddrezs
potential product is assessed. For example, the in vitro digest-'o()temIa y more complex kinetics, such as soll adsorption an

ibility of insecticidal crystal proteins derived froBacillus desorption, where first-order degradation is constrained by the

thuringiensishas been used, in part, to assess the human Safetyavallablllty of the pest-control substance to soil microbes and/

of transgenic plants that express these protel)s 4nd the or where two or more d_ifferent first-order decay ra}tes occur in
degradation of pest-control substances in soil has been used tgwo or more different soil compar.tments.. A conyenlent attrllbut.e
help assess potential exposure in the environment. However,_Of substances that decay a(_;cor_dlng to sw_nple first-order kinetics
there is often significant error associated with measuring the 'S that the rate of degradation is proportional to the amount of
concentration of materials as they decay. For this reason,SuPstrate available, allowing a specific type of 3Ta half-
mathematical models are usually fit to the data to allow estimates /i€, 0 describe the degradation pattern over the entire duration
of the degradation rate to be made. In addition to fitting a smooth Of décay. For this reason, regulatory agencies often favor this
response to potentially variable observations, such models allow@PProach even when more complex mechanistic models fit the
specific point estimates of decay such as as@(fime until data more closely (4).
50% decay) or DJp (time until 90% decay) to be calculated. The traditional method of modeling first-order decay is to
Point estimates of decay are useful for comparing the degrada-ogarithmically transform the percent remaining compound and
tion rates among different materials and may help determine to estimate the relationship between the transformed percent
potential exposure. remaining compound and the degradation interval (time) using
Here we explore two common approaches to modeling the least-squares, linear regression. An alternative method, made
decay of pest-control substances in soil based on first-ordercommonly accessible by advances in computer technology, is
kinetics. First-order decay is often the starting point for modeling to determine the regression line in the natural scale using least-
the degradation of pest-control substances in soil. This is basedsquares, nonlinear regression. An advantage of the linear
on the hypothesis that the degradation is mediated by enzymegegression approach is that a mathematical solution is always
present in the microbial population of the soil and that these possible. Nonlinear regression is an iterative process and, in
enzymes act much as they would in solutid). (It is also some cases, a solution may be difficult or impossible to obtain.
If a degradation data set follows a perfect first-order decay
* Author to whom correspondence should be addressed [telephone Pattern, then the two approaches provide the same mathematical
(317) 337-3551; fax (317) 337-3255; e-mail raherman@dow.com]. solution. Therefore, the difference between the approaches is
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how they handle deviations in the observed percent remaining e°r®*m9, the percent remaining was regressed against time using
compound from the predictions made by the model (residuals). nonlinear, least-squares regression. The latter model was used to match
The linear approach minimizes the squared distances betweerihe form of the linear model, where the intercept is estimated and the
the logarithmically transformed observations of percent remain- 2SYMPote Is set to zero. _ S

ing compound and the estimates based on the regression line, Residual plots were generated by graphing the deviation in the

and the nonlinear approach minimizes the squared distances?bserved percent remaining from the estimate generated by each model.
. To standardize multiple data sets with greatly varying time scales on

between the percent remaining compound and the estimates I single plot, thex-axis was scaled to the observed percent remaining
the natural scale. in one set of plots and the predicted percent remaining in another set
Several hypothetical arguments have been raised with regardof plots. In addition to normalizing the-axis scale, this allowed the

to choosing linear or nonlinear approaches to estimating the performance of the models to be assessed around specific observed
first-order decay of pest-control substances in soil. An assump-and predicted levels of decay such as 50% remaining or 10% remaining.
tion made when using either approach is that the error structure The x-axis on the residual plots was truncated at 100% remaining for
around the observed percent remaining compound is homogef€adability even though a few of data sets actually had observations
neous in the scale under which the regression is conducted. [{2Pove the initial observed value-100% recoveryFigure 1). The

is also assumed for both methods that the time variable has rloresnduals for plots versus predicted percent remaining were calculated

sianificant error associated with it. Depending on the analvtical from data scaled to thg-intercept for each model, because this is the
g ) P 9 Yt scale generally used to calculate point estimates of decay such as half-

technique used to measure the percent remaining compoundjjes They-axis for the latter plots was truncated -4200% even
one might conjecture that higher observations of percent though a few data points were greater than this in the case of the linear
remaining compound are associated with higher absolute error.model. This truncation allowed the scale of the plots to be expanded
For instance, measuring an initial percent remaining compound sufficiently to interpret the vast majority of the residuals. Models that
of 2.0 mg/g of soil may be associated with greater error on an fit the data well produce residual plots in which the data are uniformly
absolute scale than measuring 0.002 mg/g at a later time point,distributed around the horizontal line at zero and which show minimal
simply because the latter measurement is constrained by thescatter around this line (Figure 2).
zero asymptote. Logarithmically transforming data, when the
error is proportional to the mean, is a common method to reduce RESULTS AND DISCUSSION
heterogeneous error)(3Jnder such conditions, one could argue
that the linear approach where the percent remaining compoundfir
is logarithmically transformed is most appropriate, because it
hypothetically results in a more homogeneous error pattern.
Conversely, one might argue that the error structure is homo-
geneous in the natural scale and that logarithmically transform-
ing the data inappropriately weights the lower observations of
the percent remaining compound and later time points more
heavily than the initial ones. For practical reasons, few studies
are done with sufficient replication to empirically determine the
preferred approach. If the error pattern for a particular study
were known, weighted, least-squares regression could be use

to directly correct for ",’1 nonhor.n-ogeneous grror pattern. relationship between time and decay. For this reason, the
Here we have compiled empirical data to investigate the error e qominance of these two materials in the data sets does not

structure around the measurements of percent remaining COM3ppear to bias the conclusions drawn here.

pound made for pest-control substances in soil decay studies.

We h ted ite olots in which th duals of The nonlinear regression converged on all of the data sets
€ have generated composite plots in which the residuals 0[?oviding a model solution in each case. As expected, the overall

Figure 1 illustrates the fit of both the linear and nonlinear,
st-order models to each of the 61 soil degradation data sets
evaluated here (in the natural scale). The plotBigure 1 are
ordered on the basis of the agreement of the two models (percent
disagreement of estimated half-lives). It should be noted that
34 of the 61 data sets describe the degradation of two materials
(florasulam and picloram). However, these materials generated
a full spectrum of curve shapes varying from those well fit by
a first-order model to those that were fit poorly by this model.
Also, when a first-order fit was poor, these materials displayed
atterns similar to the other materials investigated here, in terms
f how each of the first-order models mis-specified the

the percen.t remaining .measurements. for many data sets ar rror associated with the linear modEldure 2A,C) is greater
plotted against a normalized decomposition scale. We have use han that observed with the nonlinear modgigUre 2B,D)

]Ehe;se glotsk_to |tr_1vest|%atle the behavior OJ I|tneartand Sotnllneakr ' This is necessarily so because these residual plots are in the
Irst-order kinetic models across many data Sets and 1o makep,ay,ra) scale, and the linear model minimizes the squared

recommendations for their use. residuals in the logarithmic scale, whereas the nonlinear model
minimizes the squared residuals in the natural scale. For this
MATERIALS AND METHODS reason, one must take care when comparing the two models on

Sixty-one degradation data se6-20) were compiled where results the bas'_s of the overall error illustrated fingure 2. Howe_ve_r,
were conducive to reanalysis (tabular form). Soil decay studies with COmparison of the pattern of the error acrosstaxis within
synthetic pest-control agents and proteinaceous insect-control materialach figure, as well as systematic departures from the models,
were selected from the literature. Additional results were obtained from is useful for assessing the two approaches.
unpublished studies conducted at Dow AgroSciences (Indianapolis, IN). Inspection of the nonlinear residuals plot versus observed
For the purpose of standardization, the initial responses were set topercent remainingHigure 2B) did not indicate any systematic
100%, and the remaining response values were scaled as relative perceffatterns in the error structure with the possible exception of

of the initial values. This had no impact on the form of the relationship the zero time point (100% remaining), where a greater spread
between the percent remaining compound (response) and time (cova- - . Lo .
riate) or on modeling results, other than affecting the magnitude of of residuals may be evident. However, initial percent remaining

coefficients. compound measurements are often suspect, especially for field

Each data set was analyzed using both a first-order, Ieast-squaresfj'SS'patIon studies (22). For the nonlinear model, this pattern

linear model and a nonlinear modd1). For the linear model, the N the data is most likely an artifact of the large number of

natural logarithm of the percent remaining was regressed against timeObservations at the initial time point (61 data points) and not
using linear, least-squares regression [In(% remaininglopex time increased error at specifying tigntercept. The nonlinear model

+ intercept]. For the nonlinear model (% remainirgintercept x may also slightly underestimate percent remaining compound
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Figure 1. Fit of linear (dotted line) and nonlinear (solid line) regression
lines to soil degradation data sets. Graphs are ordered based on the
agreement of the half-lives estimated by each regression (as a percentage
of lesser half-life).

Herman and Scherer

when <10% of the compound remains, although the deviations
appear to be small. The error associated with the nontransformed
data does not appear to be proportional to the percent remaining
compound, so, as a general rule, logarithmically transforming
the data to stabilize the error does not appear to be needed.

The residuals plot for the linear regression versus observed
percent remaining (Figure 2A) does exhibit definite nonsym-
metrical patterns. Like the nonlinear model, the greatest residuals
are observed at the zero time point (100% remaining). As
expected, the error decreases as the percent remaining ap-
proaches 50% remaining. Because the squared residuals are
minimized on logarithmically transformed percent remaining
compound values, the weight of the larger percent remaining
compound values are reduced more significantly compared to
lower percent remaining compound values and, thus, the
residuals are greater for the larger percent remaining compound
measurements in the natural scale. The error for the linear model
seems to be relatively stable between 50% remaining and 0%
remaining. This stability may be the result of the confounding
effects of experimental variability and mis-specification of the
model (as described in the following paragraph).

A second observation from the residuals plot for the linear
regressionKigure 2A) is the presence of systematic deviations
from the model. For percent remaining compound measurements
>50%, the model tends to underestimate the values, and for
percent remaining compound measuremeti®%, the model
tends to overestimate the values. Such systematic deviations
do not appear to be as dramatic for the nonlinear mdeglie
2B). It is likely that these systematic errors are caused by
incorrectly specifying the model as opposed to observational
error (Figure 1, latter plots). In studies in which the data pattern
favors a two-compartment model, the values for percent
remaining compound tail off more slowly than for studies in
which a single-compartment, first-order decay pattern is exhib-
ited. When the linear model is fit, a greater relative weight is
given to the lower percent remaining compound values that
occur at the later time points. This has the effect of decreasing
the slope of the estimated decay line to a greater degree than
for the nonlinear model in which all of the observations are
weighted equally. Decreasing the slope of a first-order decay
curve, modeled to data that fits a two-compartment pattern, will
cause systematic underestimation of the larger percent remaining
compound values and overestimation of the smaller percent
remaining compound values. This will have the further effect
of reducing the estimategl-intercept. Because measures of
degradation rate are most often calculated on the basis of
reductions in percent remaining compound estimates compared
to the estimateg-intercept, the linear model will also systemati-
cally mis-specify these rates and point estimates such as half-
lives (Figure 2C). Using the linear, first-order model in these
situations may artificially increase such point estimates and
systematically result in an overestimation of persistence.

It should be noted that an alternate explanation for an apparent
biphasic decay pattern in laboratory studies may be the loss of
soil viability over time @). For decay that is mediated by
microbes, the initial degradation rate may more accurately
represent the decomposition pattern under field conditions.
When the aforementioned scenario exists, systematically reduc-
ing the weight of the initial data points, as is done for the linear
model, may produce misleading decay results.

Of special consideration in soil degradation studies is how
well the models fit the observations around the predicted half-
life and DTy values for the compounds of interest. These two
point estimates of decay are often used to make regulatory
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Figure 2. Residuals (observed—predicted) for the linear (A, C) and nonlinear (B, D) first-order model plotted against the observed (A, B) and predicted
(C, D) percent remaining. The residuals for plots A and C are scaled on the basis of setting the initial observation to 100% remaining, and the residuals
for plots C and D are scaled on the basis of setting the y-intercept predicted by the model to 100%. Trend lines were generated using the S-Plus supsmu
function with the span set to 50% (21).

decisions concerning the persistence of compounds, and as suclasymptote rather than assigning it to zero percent remaining
the ability of models to fit observed values at these specific (not published). These models included a two-parameter model
time points is especially important. Panels C and Drigfure in which the intercept was assigned to 100% and the asymptote
2 illustrate the fit of each model versus predicted percent was estimated [% remainirrg a + (100— a)e K] and the three-
remaining. For these plots, the distribution of data points along parameter model in which both the intercept and asymptote were
the x-axis and the magnitude of the residuals were scaled onestimated (% remaining a + b e ¥). Although these models
the basis of the-intercept (initial concentration) estimated by were often excellent at fitting the data, they frequently estimated
each model. This allows evaluation of the point estimates asymptotes>10%, which precludes the calculation of BT
obtained with each model. values or true half-lives. This reduces the utility of these models
The linear model has more error around percent remaining for regulatory purposes. Because the models assume that a
compound predictions at the half-life than does the nonlinear certain percent of the compound is infinitely stable, they are
model (Figure 2C,D). This is not unexpected in light of the also difficult to rationalize with empirical data, which typically
systematic error seen in the estimate of the intercept for the show systematically diminishing amounts of compound even
linear model and the diminished weight given to higher percent at the latest time points.
remaining compound values, both due to the logarithmic  The construction of normalized residual plots appears to be
transformation. The linear model also tends to slightly overes- useful for evaluating the fit of a linear and a nonlinear, first-
timate the percent remaining compound in many cases, whereasrder model to the decay of pest-control substances in soil. The
the nonlinear model shows no apparent systematic deviationgeneral error structure and systematic departures from the
from the data in this region. models are apparent in such plots. Degradation data sets are
The linear model seems to generally fit well around the often too sparse to adequately assess the error structure of
predicted DT values, but comparisons with the nonlinear model percent remaining compound measurements or to allow the
need to be made with caution (Figure 20), Because the linear  specification of more complex models. Furthermore, regulatory
model often predicts longer R3F values when compared with ~ agencies often request that a first-order model be fit to soil
the nonlinear model, primarily due to systematic underestimation degradation data. The analysis of many small soil degradation
of the intercept, the percent remaining compound values data sets allows two common approaches to modeling first-order
observed at these later times are smaller. The percent remaininglecay to be compared. The lack of an error structure showing
is constrained by zero asymptote and the percent remainingproportionality to the mean for the nonlinear model indicates
compound values at later time points are smaller, so absolutethat a transformation to stabilize error is not justified as a general
residuals are also necessarily smaller. These factors alsoprinciple for these types of studies. Systematic departures from
contribute to a smaller number of data points in this region for the linear model, and systematic misassignment of the intercept
the linear model, creating the illusion of less variability. The and point estimates of decay, indicate that this approach should
residuals around the nonlinear model are also small in this areabe used with great caution.
of prediction but tend to slightly underestimate the percent  Qur analysis suggests that use of the nonlinear approach is
remaining compound. generally preferable to the linear approach for estimating the
During our investigation, we examined the fit of two first-order decay of pest-control substances when the error
additional exponential models, each of which estimated the structure or a more appropriate data model is unknown. The
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plots depicted irFigure 1 indicate that although many data sets

are adequately represented by the nonlinear exponential model
(earlier plots), this model is seen to deviate from the data in a
systematic manner for many other data sets (later plots). One

Herman and Scherer

(9) Halliday, W. R. Environmental fate of Cry1F protein incorporated
into soil. Document 7569-98-0080-AC-001 (submitted to U.S.
Environmental Protection Agency for the registration of maize
expressing CrylF protein); 1998.

pattern in these plots is an underestimation of the smaller percent (10) Herman, R. A.; Collins, R. A.; Young, D. L. Degradation of

remaining compound values seen at advanced time points. The

general pattern of mis-specification seen in the later plots of

Figure 1 may serve as an indication that, in some cases, a

different model is more appropriate even if the coefficient of
determination (B is relatively high. For this reason, the

conformation of these data sets to additional degradation models

is underway in our laboratory using the approaches outlined
here. The compilation of many small data sets into normalized
residual plots may also provide a useful tool for evaluating
competing models in other research areas.
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