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Nutrient Best Management Practice
Insurance and Farmer Perceptions of

Adoption Risk

Paul D. Mitchell

This paper explores the effect farmer perceptions concerning how best management prac-
tice (BMP) adoption changes the profit distribution have on BMP adoption incentives and
the potential for insurance to increase these incentives. Adoption indifference curves il-
lustrate the effect of farmer perceptions on BMP adoption incentives and the potential for
insurance to expand the set of perceptions consistent with adoption. Empirical analysis
quantifies these conceptual results for nutrient BMP insurance, a new policy available to
corn farmers as part of a USDA~Risk Management Agency pilot program in four states.
Results indicate that nutrient BMP insurance can have economically relevant effects on

farmer adoption incentives.
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The Federal Crop Insurance Corporation
(FCIC) Board of Directors at its August 12,
2002, meeting approved a 3-year pilot pro-
gram for Nutrient Management/Best Manage-
ment Practice Insurance (USDA-RMA). The
pilot program began in the 2003 crop year in
four states—Ilowa, Minnesota, Pennsylvania,
and Wisconsin. This endorsement authorizes
the U.S. Department of Agriculture’s Risk
Management Agency (RMA) to provide pre-
mium subsidies to encourage farmer partici-
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pation. The RMA further indicated its com-
mitment to the policy’s success by awarding
an education grant to a group of stakeholders
to promote the policy in lowa, Minnesota, and
Wisconsin (Montgomery). Unfortunately, fi-
nalizing the policy details was delayed, so ef-
fective marketing did not take place in 2003,
whereas industry uncertainty is likely to slow
marketing in 2004 (Buman).!

Nutrient management/best management
practice insurance (nutrient BMP insurance)
helps corn farmers manage the actual and per-
ceived risks associated with adoption of nutri-
ent BMPs. Risk is commonly reported as a
major reason why farmers do not adopt profit-

! The USDA-RMA has several publications con-
cerning policy provisions available on-line: htip://
www.rma.usda.gov/policies/2003n-bmp.html; http://
www.rma.usda.gov/FTP/Policies/2003/n-bmp/pdf/
CRC_BMP_Endorsement.pdf; and http://www.rma.
usda.gov/FTP/Policies/2003/n-bmp/pdf/MPCIL_LBMP-
Endorsement.pdf (Accessed November 12, 2003).
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enhancing BMPs (Feather and Cooper; Hru-
bovcak, Vasavada, and Aldy; Nowak). Nutri-
ent BMP insurance is intended to directly
address risk as an impediment to adoption of
nutrient BMPs by corn farmers. The policy re-
quires insured farmers to plant a check strip
that receives the status quo nutrient manage-
ment practice, whereas the majority of the
field receives the approved nutrient BMP. At
harvest, an indemnity is paid if the yield dif-
ference between the check strip and the adja-
cent BMP rows exceeds the deductible.

Nutrient BMP insurance is “green insur-
ance,” a type of insurance receiving renewed
attention as a policy tool to increase adoption
of BMPs (Mitchell and Hennessy). Ideas for
potential green insurance policies are not lack-
ing. Huang et al. analyze a nitrogen fertilizer
insurance policy that insures against excessive
rainfall preventing side-dress nitrogen appli-
cations on corn. Huang analyzes a different
nitrogen insurance policy to encourage farm-
ers to switch to growing season-only fertilizer
application as opposed to a before-plant ap-
plication. Mitchell et al. examine Bt corn ref-
uge insurance, which insures against yield loss
due to insect damage, as a means to encourage
farmers to plant refuge acres for managing in-
sect resistance to Bt corn. Section 522(d)(3)
(B) of the Agricultural Risk Protection Act of
2000 mandates the RMA “‘to develop a mul-
tifaceted approach to pest management and
fertilization to decrease inputs, decrease en-
vironmental exposure, and to increase appli-
cation efficiency.” As a result, other specific
risk insurance policies like nutrient BMP in-
surance are likely to be developed.

This paper develops a conceptual model to
explore how farmer perceptions concerning
the effect of BMP adoption on the distribution
of profit affect farmer incentives to adopt a
BMP and how insurance changes these incen-
tives. Next, an empirical model is developed
for nutrient BMP insurance to verify and
quantify the conceptual model and to deter-
mine the economic relevance of the concep-
tual model for nutrient BMP insurance. Em-
pirical results suggest that a potential role does
exist for nutrient BMP insurance to substan-
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tially increase nutrient BMP adoption incen-
tives.

Conceptual Model

Farmers who have never used a specific BMP
likely do not know all the risks associated with
using the BMP or the extent of these risks.
However, farmers do have prior knowledge
and perceptions of these risks developed from
their previous experience with other technol-
ogies; discussions with neighbors, extension
personnel, and other specialists; and exposure
to information in the farm media. When farm-
ers make their BMP adoption decision, they
use the subjective probabilities associated with
their knowledge and perceptions to estimate
the profitability of a specific BMP. As a ratio-
nal farmer gains experience with the BMP,
eventually these subjective probabilities
should converge to the objective probabilities.
However, initially these subjective probabili-
ties are what rational farmers use to make their
adoption decisions.

Economic analysis of technology adoption
uses the increase in expected utility or the as-
sociated increase in the certainty equivalent to
measure farmer incentives to adopt new tech-
nologies (Huang; Huang et al.; Mitchell et al.).
Typically such studies use data to estimate the
objective probability distribution of returns
with the new technology and then determine
adoption incentives. The role of farmer per-
ceptions is ignored, yet these perceptions are
important for understanding farmer behavior
when faced with uncertainty. Expected utility
and certainty equivalents should be calculated
using the subjective distribution of returns
with the BMP, which may not be the same as
the objective distribution (Sri Ramaratnam et
al.).

To formalize this concept, let u(w;) be a
risk-averse farmer’s utility function, where 2’
>0, u” < 0, and 1, is random per acre profit
when the farmer uses technology i. For sim-
plicity, assume two technologies exist—the
statns quo technology (i = sgq) and the best
management practice (i = bmp). Let EU, =
Efu(m,;)] be the farmer’s expected utility with
technology i, and let CE; implicitly defined by
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u(CE) = EU, be the associated certainty
equivalent, where E[.] is the expectation op-
erator. Because the farmer has experience with
the status quo technology, the farmer’s subjec-
tive distribution of profit 7, is the same as the
objective distribution. However, for the BMP,
the subjective distribution of profit m,,, is not
necessarily the same as the objective distri-
bution. To denote this difference, let EU,,,
and CE,,, be expected utility and the associ-
ated certainty equivalent when the objective
distribution is used and EU,,,, and CE,,, when
the farmer’s subjective distribution is used.
The increase in a farmer’s certainty equivalent
is a monetary measure of the farmer’s benefit
from adopting the BMP technology, or equiv-
alently, the farmer’s adoption incentive. The
farmer’s perceived adoption benefit is W =
CE,,, — CE,,. The actual adoption benefit, af-
ter the farmer has used the BMP long enough
for subjective perceptions to converge to the
objective distribution, is W = CE,,, — CE,,.

A farmer uses the perceived benefit W to
determine adoption, not the actual benefit W,
since the farmer does not know W at the time
of the decision. Thus, a rational farmer will
not adopt the BMP if the perceived adoption
benefit W is negative, even if the actual adop-
tion benefit W is positive. Hence, economic
analyses conducted by those with specialized
skills and access to scientific data may find
that a certain BMP is welfare enhancing (W >
(), yet despite widespread communication of
the results through extension/outreach and re-
search channels, many farmers do not adopt
the BMP. Thus, although analyses find it prof-
itable to adopt different practices that reduce
fertilizer use and these studies have been
widely disseminated, farmer perceptions, and
hence behavior, are not consistent with these
results (Babcock and Blackmer; Sri Ramarat-
nam et al.). When surveys find that farmers do
not adopt BMPs because of risk, the risk is
not necessarily the objective risk as measured
by specialists, but rather the risk as perceived
by the farmers. BMP insurance is one policy
tool intended to overcome this impediment to
BMP adoption by reducing the perceived risks
associated with adoption.

Figure 1 illustrates how farmer perceptions
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of risk affect BMP adoption incentives, as-
suming preferences are defined over perceived
changes (not actual changes) in the mean and
standard deviation of profit due to BMP adop-
tion relative to the status quo. In this context,
a farmer’s perception is defined as a pair (Ap,
Ac), where Ap is the farmer’s belief of the
effect of BMP adoption on mean profit, and
Ao is the farmer’s belief of the effect of BMP
adoption on the standard deviation of profit,
More specifically, Ap = E[m,,,] — E[w,] and
Ao = [Var(w,,)]"* — [Var(w)]*3, where
Var(-) denotes variance and both Ap and Ac
are calculated using the farmer’s subjective
probabilities. An adoption indifference curve
is the set of perceptions for which the farmer
has constant BMP adoption incentives, where
adoption incentives are calculated using the
farmer’s subjective probabilities. Hence, all
points on an indifference curve have equal
values for W. As examples, the curves in Fig-
ure 1 show cases for W = 0 with and without
nutrient BMP insurance. The horizontal axis
measures the farmer’s perception of how BMP
adoption will change mean profit (i.e., Ap),
and the vertical axis measures the farmer’s
perception of how BMP adoption will change
the standard deviation of profit (i.e., Ao).
Points below and right of an indifference
curve have higher BMP adoption incentives,
since moving down implies a perceived de-
crease in the standard deviation of profit and
moving right implies a perceived increase in
mean profit, both of which increase adoption
incentives.

The bottom indifference curve for W = 0
without BMP insurance passes through the or-
igin because if the farmer believes that BMP
adoption will not change the profit mean or
standard deviation relative to the status quo,
the farmer is indifferent between adopting the
BMP and using the status quo. Farmers with
perceptions represented by points in the south-
east {(northwest) quadrant will (will not) adopt
the BMP, since the farmers believe that BMP
adoption will increase (decrease) mean profit
and decrease (increase} the standard deviation
of profit. However, a tradeoff exists for per-
ceptions represented by points in the northeast
and the southwest quadrants. If a farmer be-
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Figure 1.

Perceived Change
in Mean Profit from
BMP Adoption

Adoption Indifference Curves with and without Insurance to Illustrate the Effect

of the Perceived Risks of BMP Adoption and of BMP Insurance on Adoption Incentives

lieves that BMP adoption will increase (de-
crease) mean profit, then the perceived stan-
dard deviation of profit must also increase
(decrease) to maintain constant adoption in-
centives. Hence, indifference curves have a
positive slope. However, the curvature of in-
difference curves for mean-variance prefer-
ences is a priori unclear (Meyer).

The bottom plot in Figure 1 shows how
BMP insurance encourages BMP adoption by
reducing the perceived risks associated with
adoption. Note that the axes again measure the
perceived change in the mean and standard de-
viation of profit due to BMP adoption, not the
perceived change in the mean and standard de-
viation of profit due to BMP adoption in con-
junction with BMP insurance. The indiffer-

ence curve for W = 0 shifts left and upward
because although along the new curve farmers
believe that BMP adoption will decrease mean
profit and/or increase the standard deviation of
profit relative to the indifference curve with-
out insurance, they also believe that the insur-
ance will offset these changes.

This shift of the indifference curve expands
the set of farmer perceptions that are consis-
tent with BMP adoption to include the gray
area between the two indifference curves.
Farmers with perceptions in this newly added
area will adopt the BMPF, although they believe
that BMP adoption without insurance will re-
sult in lower welfare than the status quo tech-
nology. They rationally adopt the BMP be-
cause they believe the insurance will offset
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these effects and increase their welfare. BMP
insurance not only reduces actual risks as im-
pediments to adoption, but also encourages
adoption among farmers who believe the BMP
will decrease their welfare. This induced adop-
tion by this latter group of farmers will give
them experience with the BMP so they can
realize that their perceptions were incorrect—
that despite their original perceptions, the
BMP is actually welfare-improving.

The conceptual analysis argues that, con-
ceptually, nutrient BMP insurance can en-
courage BMP adoption by expanding the set
of perceptions consistent with adoption. Em-
pirically verifying this hypothesis requires de-
veloping an empirical model to estimate the
shift in adoption indifference curves due to in-
surance and to determine whether it is eco-
nomically relevant. This paper focuses specif-
ically on nutrient BMP insurance for its
empirical analysis. What follows is first anal-
ysis of experimental data to determine how
nutrient BMP adoption changes the distribu-
tion of corn yield, and hence profit. Next an
empirical model of nutrient BMP insurance is
specified, including farmer preferences and re-
turns, and then numerical methods are used to
develop empirical adoption indifference
curves.

Empirical Model of Nutrient BMP
Insurance

The current nutrient BMP insurance requires
insured farmers to plant a check strip that re-
ceives the status quo nutrient management
practice, whereas the rest of the field receives
the approved nutrient BMP. At the end of the
season, an indemnity is paid if the yield dif-
ference between the check strip and the adja-
cent BMP rows exceeds the deductible. The
policy contains several provisions to reduce
fraud by denying indemnities if evidence ex-
ists that the check strip was differentially man-
aged relative to the BMP portion of the field.2

For notation, Y,,,, is yield on the BMP por-
tion of the field, ¥, is yield on the check strip
that received the status quo nutrient treatment,

2 For more information, see references in Footnote 1.
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and Y, is the actual production history (APH)
yield used for determining multiple-perils crop
insurance (MPCI) premiums and indemnities.
Since Y,,, is the realized yield used for deter-
mining MPCI indemnities, Y, = E[Y,,].
This assumption maintains focus on the effect
of BMP insurance, since incorporating farmer
perceptions concerning differences between
APH yield and the true expected yield wouid
confound the analysis.

Nutrient BMP insurance and MPCI do not
compensate farmers for the same loss. An
MPCI indemnity is paid when actual yield
(Yymp) falls below the yield guarantee BY,,,
where @ is the MPCI coverage level. Thus,
BMP yield for determining nutrient BMP in-
surance indemnities is capped from below at
Y, = BY ;. and the remaining loss is covered
by MPCL. To limit liability and reduce farmer
incentives to differentially manage the check
strip and BMP portions of the field, the check
strip yield is cappec{ at (1 + )Y, Using
these caps, define Y, as the BMP yield
capped from below at BY,,,,

(1) ¥y, = max{¥,,, BYm)

and define ¥, as the check strip yield capped
from above at (1 + a)¥,,;:

() Y = min{¥u (1 + )Y}

Before a nutrient BMP insurance indem-
nity is paid, proportional yield loss (¥, —
f’bmp)lf’c,,k must exceed the deductible &. Thus,
the indemnity [, is

(3)  Inm, = P;max{0, (1 — 8P, — P,..},

where P_ is the nonrandom MPCI price guar-
antee. The fair insurance premium M,,,,, is the
expected value of this indemnity:

4 M, = P.Emax{0, 1 ~ 8P, — P, 1.

Empirically analyzing the effect of nutrient
BMP insurance on adoption incentives re-
quires implementing Equations (3) and (4),
which entails specifying the insurance param-
eters (the deductible &, the MPCI coverage
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level B, and the liability limit parameter «), as
well as the joint distribution of ¥, and Y.

Effect of Nutrient BMP Adoption on the
Mean and Variance of Yield

To focus on technology risk, as opposed to
risks that do not change with adoption, the
empirical model of nutrient BMP adoption fo-
cuses only on how nutrient BMP adoption af-
fects the mean and variance of corn yield. Ta-
ble 1 summarizes the available experimental
data. Two types of data were available: (i)
yield data from replicated plot experiments in
which nitrogen fertilizer rates were experi-
mentally varied, and (ii) yield data from side-
by-side comparisons of different nutrient
BMPs and standard practices.

The replicated plot data were generated fol-
lowing standard experimental design methods.
A field was separated into numerous plots,
each plot randomly assigned a nitrogen fertil-
izer treatment (e.g., 0, 25, ..., 200 lbs./ac),
and harvested yield for each plot measured.
Most experiments used 10 nitrogen rates with
three replicates, giving 30 observations for
each site-year. For more detail concerning ex-
periments of this sort, see Binford, Blackmer,
and Cerrato; Blackmer et al.; and Cerrato and
Blackmer.

For this analysis, yields for each site-year
combination were normalized by dividing
each observed yield by the maximum ob-
served yield for that site-year, regardless of the
nutrient application rate. This normalization
converted yield to a proportion between zero
and one and allowed comparison across dif-
ferent locations, years, and hybrids. Single-
factor analysis of variance (ANOVA) is the
typical statistical analysis method to test
whether the mean yield for different treat-
ments are statistically different, since only the
nitrogen application rate differed between
treatments (Snedecor and Cochrane). Similar-
ly, a two-sample F-test is an appropriate test
to determine whether yield variances differ by
the nitrogen application rates (Snedecor and
Cochrane).

Yield data from the side-by-side compari-
sons consisted of a status quo and BMP yield
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for each site, with many sites around the state
in any given year. As a result, yields were not
normalized, since only two observed yields
were available for each site. Statistical analy-
sis grouped all observations for each state to
test whether the mean yield or the variance of
yield for the BMP strips statistically differed
from the mean yield for the status quo strips.

Tables 2 and 3 summarize the mean and
standard deviation of normalized yields for the
nitrogen data from some of the states. The ta-
bles do not include the Nlinois data, since var-
iable rates were used, which prevents sum-
marizing the data in this manner. Similarly,
data from side-by-side field trials in lowa, Ne-
braska, and Wisconsin are not included, since
nutrient rates were not experimentally con-
trolled.

Tables 2 and 3 report the results of single-
factor ANOVA for each data set. Means fol-
lowed by the same letter do not significantly
differ at the 5% level. No statistically signifi-
cant difference in mean yields exists for the
Pennsylvania data or for the Indiana data for
rates at or above 80 Ibs./ac. For the Morris,
MN, data, mean yield does not statistically dif-
fer for a rate of 120 and 160 1bs./ac, or for 80
and 120 lIbs./ac, but does significantly differ
between 80 and 160 Ibs./ac. For the ITowa data,
no significant mean yield difference exists for
125 and 150 lbs./ac and for 200, 250, and 300
Ibs./ac, but mean yields do differ significantly
between these groups. For the Waseca, MN,
data, all mean yields statistically differ at the
different application rates. Although not re-
ported, single-factor ANOVA for the side-by-
side data from Iowa, Nebraska, and Wisconsin
indicates no statistically significant difference
in mean yields.

Tables 2 and 3 also report resuits of two
sample F-tests for different variances—Stan-
dard deviations followed by the same letter
imply that the variances do not differ statisti-
cally at the 5% level. The yield variances for
the Iowa data fall into three different groups:
0 and 25 Ibs.fac; 50, 75, 100, 125, and 200
lbs./ac; and 150, 250, and 300 lbs./ac. The
yield variances for the Indiana data also show
a grouping, since the variances at 40, 120, and
200 Ibs./ac do not statistically differ, nor do
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Table 2. Mean and Standard Deviation of
Corn Yield (As a Proportion of the Observed
Site-Year Maximum) for Indiana and ITowa
Data for Different Nitrogen Application Rates
(Ibs./ac)

Standard
State Rate Mean Deviation Observations
Indiana 0 0.778a 0.170a 158
40 0.821b 0.139 152
60 0.763 0.162 8
80 0.856¢ 0.11lc 152
120 0.842bc  0.141b 159
160 0.856¢ 0.110c 151
180 0.779 0.091 8
200 0.851c 0.135b 152
TIowa 0 0491a 0.168a 222
25 0.570b 0.160a 222
50 0.663c 0.149b 222
75 0.742d 0.141b 222
100 0.798¢ 0.140b 222
125 0.833f 0.141b 222
150 0.843f 0.125¢ 222
200 0.874g 0.141b 222
250 0.900¢g 0.118¢ 222
300 0.878g 0.116¢ 222

Means followed by the same letter do not significantly
differ at the 5% level. Standard deviations followed by the
same letter imply that the variances do not differ statisti-
cally at the 5% level.
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those at 80 and 160 lbs./ac. The data for 60
and 180 lbs./ac were not included, since only
eight observations were available. The yield
variances do not statistically differ by appli-
cation rate for the Pennsylvania and the Mor-
ris, MN, data. For the Waseca, MN, data, the
variance shows a decreasing trend from 80 to
200 Ibs./ac, with each variance statistically dif-
fering from the others. Although not reported,
two sample F-tests of the side-by-side data
from Iowa, Nebraska, and Wisconsin indicate
no statistically significant difference in yield
variance.

As an alternative to test for differences in
the mean and variance, least squares regres-
sion was conducted for the data with nitrogen
application rates of at least 100 lbs./ac. Re-
gressors were the nitrogen application rate and
its square, as well as an intercept. Results are
not reported, but estimated parameters were
insignificant at the 5% level for all data sets,
except the Jowa data. Both the Breusch-Pagan
and the White heteroscedasticity tests were in-
significant at the 5% level for all data sets,
except the Waseca, MN, data. These results
imply that for most locations, no statistically
significant difference in the mean and variance
of yield can be found. The side-by-side nutri-
ent BMP trial data from Jowa, Nebraska, and

Table 3. Mean and Standard Deviation of Corn Yield (As a Proportion of the Observed Site-
Year Maximum) for Pennsylvania and Morris and Waseca, MN, Data for Different Nitrogen

Application Rates (lbs./ac)

State Rate Mean Standard Deviation Observations
Pennsylvania 95 0.807a 0.121a 59
130 0.820a 0.132a 59
175 0.832a 0.125a 59
Waseca, MN 0 0.566a 0.127a 170
40 0.748b 0.116a 170
80 0.854c 0.120a 170
120 0.924d 0.072b 170
160 0.951e 0.058¢c 170
200 0.962f 0.049d 170
Morris, MN 0 0.383a 0.152a 168
40 0.609b 0.162a 167
80 0.693¢ 0.161a 168
120 0.705¢d 0.163a 167
160 0.731d 0.153a 168

Means followed by the same letter do not significantly differ at the 5% level. Standard deviations followed by the
same letter imply that the variances do not differ statistically at the 5% level.
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Wisconsin also support this conclusion, since
no statistically significant difference in the
mean or variance of yield was found, although
a variety of nutrient BMPs were evaluated un-
der.a variety of conditions.

Mitchell reports the results for a similar,
although less data extensive, analysis of the
effect of phosphorus fertilizer on corn yield
and reaches a similar conclusion. Single-factor
ANOVA and two sample F-tests imply that
the mean and variance of corn yields do not
statistically differ over the wide range of phos-
phorus application rates tested. These results
do not imply that nitrogen and phosphorus
have no impact on the mean and variance of
corn yield. Rather the interpretation is that at
optimal or near optimal application rates, sta-
tistically identifying the impact of nitrogen
and phosphorus on yield is very difficult. This
difficulty arises because at these application
rates, other uncontrollable factors overwhelm
the relatively small effect of nitrogen and
phosphorus, if such an effect exists. Alterna-
tively, the interpretation is that with optimal
or near optimal nutrient application rates, the
data generally support a von Liebig production
function with yield at its plateau and a con-
stant variance.

Agronomists and economists commonly
estimate von Liebig functions for the response
of corn yield to nitrogen and phosphorus
(Babcock and Blackmer; Binford, Blackmer,
and Cerrato; Cerrato and Blackmer; Frank,
Beattie, and Embleton; Huang; Paris; Paris
and Knapp). The linear von Liebig function
can be written as

yo|A+BN  N<N,
Ty, N=N,
where Y is harvested yield, ¥, is the maximum
yield or the yield plateau, N is the nutrient
application rate, N, is the critical nutrient lev-
el, and A and B are parameters. As nutrients
N increase, mean yield increases according to
the function A + BN until the nutrient appli-
cation rate reaches the critical level ¥V, above
which mean yield no longer responds to ad-
ditional nutrients, but remains at the plateau
Y,. The results of the statistical analysis are
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generally consistent with the conclusion that
yield has a mean following a von Liebig pro-
duction function with both the BMP and status
quo application rates above the critical rate,
plus an additively separable homoscedastic er-
IOr.

This analysis finds no consistent, statisti-
cally significant effect of BMP adoption on the
mean and variance of yield—the effects are
too small relative to total yield variability.
How yield varies between adjacent strips in a
field due to uncontrolled factors is more im-
portant for determining the yield difference
between the BMP and check strip than the im-
pact of BMP adoption. As a result, this anal-
ysis assumes that Y, and Y, have the same
mean and variance, the same fundamental as-
sumption used to develop premiums for the
current nutrient BMP insurance policy (Mitch-
ell), Therefore, the correlation between BMP
and check strip yields in adjacent strips be-
comes a pertinent factor for specifying the
joint distribution of Y, and Y.

Joint Distribution of Nutrient BMP and
Check Strip Yields

A beta distribution is used for corn yield, a
common assumption for crop yields (see
Goodwin and Ker’s review). Based on the pre-
vious analysis, both the BMP and check strip
yields have the same mean and variance. To
approximate yield conditions in nutrient BMP
pilot states, mean yield is 150.0 bu/ac, and the
yield coefficient of variation is 0.30 (Coble,
Heifner, and Zuniga; Hennessy, Babcock, and
Hayes; USDA-NASS). Following Babcock,
Hart, and Hayes, minimum yield is zero and
maximum yield is the mean plus two standard
deviations.

Following Mitchell, a random correlation
coefficient is used for the correlation between
the BMP and check strip yields. Mitchell de-
scribes the data analysis supporting this as-
sumption. In brief, the data from the side-by-
side experiments indicate the level and
uncertainty in the correlation coefficient. Es-
timated semivariograms from published pa-
pers provide similar results, plus indicate the
large variability for within-field yield correla-
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tion between years. This year-to-year and lo-
cation-to-location variability for the yield cor-
relation within a field is important for
determining appropriate premiums, but it can-
not be controlled or accurately predicted.
Hence, assuming a random correlation coeffi-
cient is a useful approach when this critical
parameter is not known with certainty (Davis
and Espinoza).

A beta density is a good choice for the cor-
relation coefficient, since it has strict upper
and lower limits like the correlation and can
take a variety of shapes (Evans, Hastings, and
Peacock). Following Mitchell, a mean of 0.90
and a standard deviation of (.04 are used for
the correlation coefficient, with a minimum
and maximum of —1 and 1. The lower and
upper limits of the 95% confidence interval
are 0.808 and 0.963 for the correlation coef-
ficient with these parameters.

Farmer Returns and Preferences

To focus on yield risk and insurance, the anal-
ysis uses a nonrandom cost of production C =
$181.25/ac and a nonrandom corn price of
$2.00/bu for both the market price and the
price guarantee P, used for paying indemni-
ties. All other sources of income and wealth
are ignored. The constant cost of production
for both the status quo and the nutrient BMP
technology implies that the cost saving from
reduced input use with the BMP equals the
cost of developing and implementing the crop-
consultant certified BMP. Cost differences
likely exist, but the assumption is convenient
for this analysis, so that the farmer adoption
decision depends only on changes in the mean
and standard deviation of profit resulting from
changes in yield risk and insurance, not cost
changes. Negative-exponential utility is used,
so that wealth effects can be ignored and the
cost of production does not affect BMP adop-
tion incentives.

Following previous results, the yield distri-
bution does not change with BMP adoption.
Thus, BMP yield (¥,,.) is the harvested yield
for calculating returns with the status quo
technology and when the farmer adopts the
BMFP BMP yield is also used to determine
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MPCI indemnities for both the status quo and
the BMP. As a result, returns ($/ac) for the
status quo with MPCI and when the farmer
adopts the BMP with MPCI are

(5) Ty = Ty = Po¥op = Mo + Ly — C,
where M, and [, are the MPCI premium
and indemnity, a fair premium is vsed (M,
= E[l,.}), and [, = Pmax{0, BY,, —
Yymp}. The check strip yield (¥,;,) is used to
determine nutrient BMP insurance indemni-
ties, so returns with the BMP and nutrient
BMP insurance are

(6) Wins = Pngmp - Mnbmp + Inbmp - Mmpci

+ Ly — G

where M,,,,, and I, are the nutrient BMP
insurance premium and indemnity defined by
Equations (3) and (4).

With negative exponential utility, expected
utility is EU, = E[1 — exp(—Rw))] for each
specification i = {sq, bmp, ins}, where R is
the coefficient of absolute risk aversion. The
certainty equivalent is CE; = —In(l — EU)/R,
and the willingness to pay to switch technol-
ogies is the difference in certainty equivalents,
Following Babcock, Choi, and Feinerman, the
coefficient of absolute risk aversion R is cho-
sen so that the risk premium is approximately
20% and 40% of the standard deviation of prof-
it for moderate and high levels of risk aver-
sion, respectively. Specific values for R were
0.00549 and 0.0120.

Simulations

Calculating fair insurance premiums, expected
utility, and the change in expected profit and
the standard deviation of profit is analytically
intractable for the empirical model. Thus,
Monte Carlo integration is used to solve in-
tegrals numerically (Greene, pp. 192-195). A
C++ program using numerical algorithms de-
scribed in Press et al. generated the random
variables. First, 1,000 correlation coefficients
were drawn from the appropriate beta density
for the BMP and check strip yield correlation.
For each correlation, 50,000 pairs of BMP and
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check strip yields were drawn from beta den-
sities with the appropriate mean and standard
deviations using the weighted linear combi-
nation method of Johnson and Tenenbein to
obtain the required correlation.® The average
indemnity for the 50,000 yield pairs over all
1,000 correlation coefficients is the Monte
Carlo estimate of the fair premiom. Similarly,
the average utility for each profit specification
is the expected utility for calculating the cer-
tainty equivalent and willingness to pay, and
the change in the average and standard devi-
ation profit gives the change in the profit mean
and standard deviation. Following the current
pilot program, a check strip yield cap of 35%
(@ = 0.35) and a 5% deductible (§ = 0.05)
were used. The MPCI coverage level B was
varied between 50% and 85% in 5% incre-
ments, the available MPCI coverage levels.

Simulations were conducted over a wide
range of beliefs for the BMP yield mean and
coefficient of variation, keeping the check
strip yield distribution with a mean of 150.0
bu/ac and a coefficient of variation of 0.30.
Mean BMP yield was varied from 130 to 160
bu/ac in 1 bufac increments, and the yield co-
efficient of variation was varied from (.05 to
0.61 in 0.02 increments. For each of these be-
liefs concerning the effect of the BMP on the
yield distribution, the perceived change in the
mean and standard deviation of profit was cal-
culated, as well as the willingness to pay for
the BMP with and without nutrient BMP in-
surance. Mitchell reports actuarially fair nutri-
ent BMP premiums and the resuits of exten-
sive sensitivity analysis indicating how
premiums change with different parameter as-
sumptions.

Adoption Indifference Curves and Nutrient
BMP Insurance

To determine adoption indifference curves
with and without nutrient BMP insurance, the
simulation data were used to estimate the will-

3 Since the method of Johnson and Tenenbein ap-
proximates draws from the implied joint distribution,
draws are not guaranteed to match higher order and
cross moments of the joint density (Goodwin and Ker),
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ingness to pay W as a function of the per-
ceived change in the mean and standard de-
viation of profit (Ap and Ac). Polynomial
approximations were estimated using maxi-
mum likelihood, sequentially adding terms un-
til they were no longer significant. The final
function for the willingness to pay without nu-
trient BMP insurance was

(M) W = (@ + a,B + a:fDAR
+ (b + b, + BBAC
T (b t+ DB + bp?)(A0)?
+ (b3 + B3R + b3,3%(A0)?
+ (hy + BB + B 3%,

where B is the MPCI coverage level; Ap and
Ao are the perceived changes in the mean and
standard deviation of profit; £ ~ N(0, 1) is the
error term; and the a, b,j, and h; are estimated
parameters. With nutrient BMP insurance, the
function was the same as without nutrient
BMP insurance, except that an intercept term
was needed, since the indifference curve no
longer passed through the origin:

(8) Wm; = (ko t kB + kB%)
+ (ap + af + apHAp
+ (b + by B + b pHAc
+ (by + by + bppRAc?
+ (b3 + by B + bypHAc?
+ (hy + A B + h,BYe,

where all variables are as in Equation (7) and
the %, are additional parameters to estimate.

To determine empirical BMP adoption in-
difference curves for the case when W, is zero
for a given MPCI coverage level B and Ap,
the cubic formula was used with the estimated
coefficients to solve the resulting cubic equa-
tion for the three values for Ac at which W =
0.* This process was used to find the adoption
indifference curves with and without nutrient
BMP insurance for both levels of risk aversion
and all MPCI coverage levels.

4 Many versions of the cubic formula are available on
the Internet. The version used for this analysis was found
at http://planetmath.org/encyclopedia/CubicFormula.heml
(Accessed November 12, 2003).
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Results and Discussion

Figures 2 and 3 report the empirical adoption
indifference curves for select cases. Nutrient
BMP insurance shifts the adoption indiffer-
ence curves left and uwpward to expand the set
of perceptions consistent with BMP adoption,
as the conceptual model predicts (Figure 1),
The magnitude of this shift varies greatly. de-
pending on the MPCI coverage and farmer
risk aversion.

Figure 2 shows that nutrient BMP insur-
ance causes a large shift when the farmer has
50% MPCI coverage and a small shift when
the farmer has 85% MPCI coverage. The ver-
tical distance between the curves is the addi-
tional increase in the profit standard deviation
due to BMP adoption that nutrient BMP in-
surance allows the farmer to believe will occur
and still have a positive incentive to adopt the
BMP. With 50% MPCI coverage, this addi-
tional perceived increase in the profit standard
deviation ranges from $9 to $75/ac. With 85%
MPCI coverage, this additional perceived in-
crease ranges from $31/ac on the left end, to
almost zero near the origin, to over $9/ac on
the right end. The effect of nutrient BMP in-
surance on adoption incentives decreases as
MPCI coverage increases, because at high
coverage levels MPCI becomes a more effec-
tive substitute for nutrient BMP insurance.

With 50% MPCI coverage, the shift of the
indifference curve due to nutrient BMP insur-
ance is even more pronounced in the northeast
quadrant, where the farmer believes the BMP
increases both the mean and standard devia-
tion of profit. Thus in this case nutrient BMP
insurance provides the greatest incentive to
adopt the BMP when it is needed—when the
farmer believes the BMP is profit enhancing,
but riskier.

Figure 3 shows the effect of farmer risk
aversion on the shift of adoption indifference
curves due to nutrient BMP insurance with
65% MPCI coverage. The top plot with mod-
erate risk aversion (as in Figure 2) shows a
relatively large shift in the adoption indiffer-
ence curve, especially in the northeast quad-
rant. The bottom plot shows that with higher
risk aversion (a risk premium about 40% of
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the profit standard deviation), the indifference
curves become flatter. This occurs because for
any given perceived increase in mean profit, a
smaller perceived increase in the profit stan-
dard deviation is needed to maintain constant
utility with higher risk aversion. Alternatively,
for any given perceived increase in profit stan-
dard deviation, a larger perceived increase in
mean profit is needed to maintain constant
utility with higher risk aversion.

This effect of risk aversion on adoption in-
difference curves causes the noticeably small-
er shift in the adoption indifference curve due
to nutrient BMP insurance with higher risk
aversion in Figure 3. For any given perceived
increase in mean profit, a more risk-averse
farmer needs a smaller perceived increase in
the profit standard deviation for the willing-
ness to pay for the BMP to equal zero, even
with BMP insurance. Thus, the adoption in-
difference curves with and without insurance
move closer together as risk aversion increas-
es. This smaller shift with higher risk aversion
does not imply that a more risk-averse farmer
finds the nutrient BMP insurance less valu-
able. Rather, with greater risk aversion, it takes
a smaller perceived increase in profit standard
deviation to reduce a farmer’s willingness to
pay for the BMP to zero.

For the curves in Figure 3, the additional
perceived increase in the profit standard de-
viation allowed by nutrient BMP insurance
ranges from $4 to $35/ac with moderate risk
aversion (top plot) and $1.50 to $6/ac with
high-risk aversion (bottom plot). Moving from
moderate to high-risk aversion decreases the
additional perceived increase in the profit stan-
dard deviation allowed by nutrient BMP in-
surance 60%—-80% depending on the perceived
change in mean profit.

Results reported here for nutrient BMP in-
surance are generally consistent with the find-
ings of Huang and Huang et al., who analyze
specific nutrient BMPs (split or growing sea-
son—only nitrogen application) and insurance
for specific risks (excessive rainfall preventing
application). The analysis here and these anal-
yses find that BMP insurance can increase
farmer adoption incentives but use different
approaches to measure this effect. For the
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Figure 2. Effect of Nutrient BMP Insurance on Nutrient BMP Adoption Indifference Curves
(W =0) under Moderate Risk Aversion with a 50% (top) and 85% (bottom) Coverage Level

for Multiple Peril Crop Insurance

analysis here, the willingness to pay is held
fixed and the perceived changes in the mean
and standard deviation of profit due to BMP
adoption are derived with and without BMP
insurance. Huang and Huang et al. determine
the change in the mean and standard deviation
of profit due to BMP adoption and then derive
the willingness to pay with and without insur-
ance. For a general Iowa example, Huang
finds that insurance can increase the willing-
ness to pay from $1.76/ac to $15.55/ac de-
pending on the probability of excessive rain-
fall and the production function used, which
are consistent with the empirical findings
here.

Specific results are reported here only for
a few cases to illustrate the general effects of
nutrient BMP insurance. Nutrient BMP insur-
ance has the greatest effect on moderately
risk-averse farmers with low levels of MPCI
coverage who believe that the nutrient BMP
increases both the mean and standard devia-
tion of profit. Effects are smaller for highly
risk-averse farmers with high levels of MPCI
coverage. For a reasonable set of parameter
values, empirical results show that actuarially
fair nutrient BMP insurance can have a sub-
stantially positive effect on BMP adoption in-
centives. These qualitative results would not
change if the analysis were conducted with a



670

Journal of Agricultural and Applied Economics, December 2004

// W = 0] With Insurance

W = 0| With Insurance
—_

No Insurance

60
56
=
£3
o 3
&> 30
Ea 20 / el
ot -
2 -E 16 / /W:(), No Insurance
Eg — —_—
]
ag o 8 ‘6/-‘.3" 2 4 6 8 11
j 30
Perceived Change in Profit Mean
50
56
=
] 4@
X 30 —
c 9
2s 26
og &! /
TE 10 sl
E'% / W =0
E T T T T T T T
s o 8 2,0 2 4 6 8 1o
& 40
28
-30

Perceived Change In Profit Mean

Figure 3. Effect of Nutrient BMP Insurance on Nutrient BMP Adoption Indifference Curves
(W=0) under Moderate Risk Aversion (top) and High Risk Aversion (bottom) with a 65%
Coverage Level for Multiple Peril Crop Insurance

wider range of assumptions for the mean and
standard deviation for the status quo yield, or
different price and cost assumptions; only the
quantitative results would change. Sensitivity
analysis has instead focused on the MPCI cov-
erage level and farmer risk aversion.

The purpose of nutrient BMP insurance in
the case analyzed here is not to reduce the
risks associated with nutrient BMP adoption,
since no statistically identifiable risk was
found, but to encourage adoption by reducing
perceived risks associated with nutrient BMP
adoption. Farmers who adopt because of the
insurance will gain experience with the BMP
and update their perceptions until they learn
the actual effect of the BMP on the mean and

standard deviation of corn yields. If the BMP
truly has no discernible effect on the distri-
bution of corn yield, eventually these farmers
will find little value in purchasing nutrient
BMP insurance, but should still find the BMP
valuable if it generates cost savings. Nutrient
BMP insurance accomplishes its goal as
“green insurance” by increasing the number
of farmers trying and learning about these al-
ternative technologies.

Conclusion

This paper explored the role that perceptions
concerning how BMP adoption affects the dis-
tribution of profit have on farmer incentives to
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adopt a nutrient BMP and how insurance
changes these incentives. A conceptual model
developed adoption indifference curves to un-
derstand the effect of perceptions and BMP
insurance on BMP adoption incentives. At
least conceptually, nutrient BMP insurance ex-
pands the set of perceptions that are consistent
with BMP adoption. However, an empirical
model of an existing nutrient BMP insurance
policy was developed to determine if the ef-
fects of the insurance were economically rel-
evant and to evaluate its potential to encourage
BMP adoption.

Analysis of extensive experimental data
from a variety of locations found that at op-
timal or near optimal application rates, iden-
tifying a statistically significant impact of ni-
trogen fertilizer on corn yield is difficult
because the relatively small effects, if they ex-
ist, are overwhelmed by other factors. Empir-
ical analysis of an existing nutrient BMP in-
surance policy finds that the insurance does
indeed expand the set of perceptions consis-
tent with nutrient BMP adoption for corn. In
one example, the allowable perceived increase
in the profit standard deviation with BMP
adoption increases $9-$75/ac because of the
effect of nutrient BMP insurance. In general,
the magnitude of this effect depends on sev-
eral factors, including MPCI coverage, farmer
risk aversion, and the perceived change in
mean profit due to BMP adoption. Neverthe-
less, nutrient BMP insurance can substantially
increase BMP adoption incentives in some
cases, particularly for moderately risk-averse
farmers purchasing low MPCI coverage.

Nutrient BMP insurance raises interesting
moral hazard and adverse selection issues not
formally addressed here. Farmers have an ob-
vious incentive to differentially manage the
check strip in order to maximize its yield. The
policy includes several provisions to mitigate
this moral hazard, including documentation re-
quirements, requiring a certified crop consul-
tant to develop the nutrient BMP, as well as
denying claims when evidence of differential
weed or insect management is apparent. Also,
because a single premium is used for each
state, the existing policy likely suffers from
adverse selection. Sensitivity analysis finds
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that fair premiums increase with average yield
(Mitchell). Because the premium is based on
the state average yield, farmers with lower av-
erage vields pay premiums that are too high.
Conversely, farmers with higher average
vields pay premiums that are too low, and so
have a greater incentive to buy the insurance,
since on average they are likely to receive
more in indemnities than paid in premiums.
The RMA premium subsidy partially mitigates
this adverse selection problem, since farmers
with lower average yields still obtain benefits
from the insurance, and so will participate. In
addition, developing nutrient BMP premiums
that are based on MPCI rates, and therefore
will vary with average yield and yield vari-
ability, would reduce the adverse selection
problem.

Farmer participation is likely to be low in
the early years of the nutrient BMP insurance
pilot, which should limit losses due to adverse
selection and moral hazard. Actuarial data
from these pilot years will provide useful data
to improve the policy so that policy provisions
and premiums can be updated to address these
and other problems that may arise. Making
improvements and developing methodologies
is important, since other green insurance pol-
icies are likely to be endorsed by the RMA as
it pursues goals mandated by the Agricultural
Risk Protection Act.

[Received November 2002; Accepted January 2004.]

References

Babcock, B.A., and A.M. Blackmer. ““The Value of
Reducing Temporal Input Nonuniformities.”
Journal of Agricultural and Resource Econom-
ics 17(December 1992):335-47.

Babcock, B.A., EX. Choi, and E. Feinerman.
“Risk and Probability Premiums for CARA
Utility Functions.” Journal of Agricultural and
Resource Economics 18(July 1993):17-24.

Babcock, B.A., C.E. Hart, and D.J. Hayes. “Actu-
arial Fairness of Crop Insurance Rates with
Constant Rate Relativities.” American Journal
of Agricultural Economics 86(August 2004):
563-75.

Binford, G.D., A.M. Blackmer, and M.E. Cerrato.
“Relationship between Corn Yields and Soil



672

Nitrate in Late Spring.”” Agronomy Journal
84(1992):53-59.

Blackmer, A.M., D. Pottker, M.E. Cerrato, and J.
Webb. ‘““‘Correlations between Soil Nitrogen
Concentrations in Late Spring and Com Yields
in Iowa.” Journal of Production Agriculture
2(1989):103-9.

Brown, H.M. “Evaluation of Nitrogen Availability
Indices.” Ph.D. dissertation. University of Illi-
nois, Urbana-Champaign, 1996,

Buman, S. Personal communication. Agren, Inc.,
Carroll, IA, March 2004.

Cerrato, M.E., and A.M. Blackmer. “Comparison
of Models for Describing Corn Yield Response
to Nitrogen Fertilizer.”” Agronomy Journal
82(1990):138-43.

Coble, K.H., R.G. Heifner, and M. Zuniga. “Im-
plications of Crop Yield and Revenue Insurance
for Producer Hedging.” Journal of Agricultural
and Resource Economics 25(December 2000):
432-52.

Davis, G.C., and M.C. Espinoza. “A Unified Ap-
proach to Sensitivity Analysis in Equilibrium
Displacement Models.” American Journal of
Agricultural Economics 80(November 1998):
868-79.

Evans, M., N. Hastings, and B. Peacock. Statistical
Distributions, 2™ ed. New York: John Wiley &
Sons, 1993,

Feather, P, and J. Cooper. Voluntary Incentives for
Reducing Agricultural Nonpoint Source Water
Pollution. Washington, DC: U.S. Department of
Agriculture/Economic Research Service, Agri-
cultural Information Bulletin No, 716, 1995,

Frank, M.D., B.R. Beattie, and M.E. Embleton. “A
Comparison of Alernative Crop Response
Models.”” American Journal of Agricultural
Economics 72{August 1990):597-603.

Goodwin, B.K., and A.P. Ker. “Modeling Price and
Yield Risk.” A Comprehensive Assessment of
the Role of Risk in U.S. Agriculture. R.E. Just
and R.D. Pope, eds. Boston, MA: Kluwer Ac-
ademic Press, 2002,

Greene, W.H. Econometric Analysis, 39 ed. Upper
Saddle River, NJ: Prentice Hall, 1997.

Hennessy, D.A., B.A. Babcock, and D.J. Hayes.
“Budgetary and Producer Welfare Effects of
Revenue Insurance.” American Journal of Ag-
ricultural Economics 79(August 1997):1024-
34,

Hrubovcak, J., U. Vasavada, and J.E. Aldy. Green
Technologies for a More Sustainable Agricul-
ture. Washington, DC: U.S. Department of Ag-
riculture-Economic Research Service, Agricul-
tural Information Bulletin No. 752, 1999.

Journal of Agricultural and Applied Economics, December 2004

Huang, W. “Using Insurance to Enhance Nitrogen
Fertilizer Application Timing to Reduce Nitro-
gen Losses.” Journal of Agricultural and Ap-
plied Economics 34(April 2002):131-48,

Huang, W.,, R.G. Heifner, H. Taylor, and N.D. Uri.
“Enhancing Nitrogen Fertilizer Application
Timing by Insurance.” Journal of Sustainable
Agriculture 16(2000):31-57.

Johnson, MLE., and A. Tenenbein. “A Bivariate
Distribution Farnily with Specified Marginals.”
Journal of the American Statistical Society
76(1981):198-201.

Meyer, J. “Two-Moment Decision Models and Ex-
pected Utility Maximization.”” American Eco-
nomic Review 77(June 1987):421-30.

Mitchell, PD. “Rating Methodology for Nutrient
Management/Best Management Practice Insur-
ance.” Department Technical Report 02-01,
College Station, TX: Department of Agricultur-
al Economics, Texas A&M University, August
2002,

Mitchell, P.D., and D.A. Hennessy. “Factors Deter-
mining Best Management Practice Adoption In-
centives and the Impact of Green Insurance.”
Risk Management and the Environment: Agri-
culture in Perspective. B.A. Babcock, R. Fraser,
and J. Lekakis, eds. Boston, MA: Kluwer Ac-
ademic Press, 2003.

Mitchell, PD., TM. Hurley, B.A. Babcock, and
R.L. Hellmich. “Insuring the Stewardship of Bt
Com: A Carrot versus a Stick.” Journal of Ag-
ricultural and Resource Economics 27(Decem-
ber 2002):390-405.

Montgomery, B. Personal Communication. Min-
nesota Department of Agriculture, September
2002.

Nowak, P *“Why Farmers Adopt Production Tech-
nology.” Journal of Soil and Water Conserva-
tion 47(1992):14-16.

Olness, A., S.D. Evans, and I.LE Moncrief, “Maize
Grain Yield Response to Tillage and Fertilizer
Nitrogen Rates on a Tara Silt Loam.” Journal
of Agronomy and Crop Science 174(May 1995):
273-85.

Paris, Q. “The von Liebig Hypothesis.” American
Journal of Agricultural Economics 74(Novem-
ber 1992):1019-28.

Paris, Q., and K. Knapp. “‘Estimation of von Liebig
Response Functions.” American Journal of Ag-
ricultural Economics 71(February 1989):178-
86.

Press, WH., S.A. Teukolsky, W.T. Vetterling, and
B.F. Flannery. Numerical Recipes in C**: The
Art of Scientific Compuring, 2™ ed. Cambridge,
MA: Cambridge University Press, 1992,



Mitchell: Nutrient BMP Insurance and Farmer Perceptions 673

Snedecor, G.W., and W.G. Cochran. Statistical
Methods, 8% ed. Ames, IA: Iowa State Univer-
sity Press, 1989.

Sri Ramaratnam, S., D.A. Bessler, ML.E. Rister, J.
Matocha, and J. Novak. “Pertilization under
Uncertainty: An Analysis Based on Producer
Yield Expectations.”’ American Journal of
Agricultural Economics 69(May 1987):349-
57.

U.S. Department of Agriculture-Nationa! Agricul-
tural Statistics Service (USDA-NASS). “Pub-
lished Estimates Data Base On Line.” Internet

site: http://www.nass.usda.gov:81/ipedb/ (Ac-
cessed October 24, 2002).

U.S. Department of Agriculture-Risk Management

Agency {USDA-RMA). “Revision to the Best
Management Practice Endorsement.” Kansas
City, MO: Board Memorandum No. 665, Ex-
hibit No. 2115, August 12, 2002, Internet site:
hitp://www.rma.usda.gov/ aboutrma/fcic/2002/
812bmp.pdf (Accessed November 17, 2003).

. Internet site: http://www.rma.usda.gov/pol-
icies/2003n-bmp.html (Accessed November 17,
2003).






