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MODELING THE DEMAND FOR CROP INSURANCE 

Behjat Ho!jati and Nancy E. Bockstael 

Since 1982 with the phasing out of the Disaster Payment Program, crop 
insurance has become the principal federal program for protecting producers 
against the adverse effects of yield variability. Farmer participation in the 
program, however, has historically been low. Despite a high subsidy on the 
premium, a large number of those who seem to need yield protection do not 
voluntarily participate. 

In order to better understand farmers' resistance to the program, it would 
be useful to model, empirically, the factors affecting farmer participation. 
Understanding what motivates participation in crop insurance would allow 
policy makurs to predict farmers' responses to potential changes in the 
program. While some preliminary research has been done in this area (e.g. 
Gardner and Kramer, 1986), it tends to be of an aggregate nature and is not 
based on a model of farmer's behavior. 

The purpose of this study is to explore the) factors which affect a farmer's 
decision to participate in the .;rop insurance program. A model of farmers' 
demand for crop insurance is constructed and estimated. Further, an attempt is 
make to use the resulting information about farmers' behavior to learn 
something about farmers' risk preference. Knowing the risk attitude of farmers 
can also provide valuable information for policy design. 

Crop insurance is one of several risk management strategies that have 
been designed to reduce the variability of farm income. Specifically, the 
Federal Crop Insurance program is designed to aid farmers in minimizing their 
crop production risks. The principal type of insurance offered by the program is 
"All Risk" crop insurance, which provides protection against adverse weather 
conditions and unavoidable losses caused by plant disease, flood, fire, etc. 
Farmers who participate in the program must insure their entire crop within each 
crop insurance unit. Each pays a premium for a guarantee of a certain 
percentage of the expected yield. If the actual yield falls below the guaranteed 
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yield, an indemnity is received equal to the difference in yield times a previously 
agreed upon price. 

The farmer's demand for crop insurance arises from uncertainty due to 
uncontrolled natural hazards which affect crop production. Logically, the 
farmer's decision of whether or not to participate in crop insurance is likely to be 
influenced by a comparison of expected net gain (or loss) with and without 
insurance. Obvious elements entering into the calculation will be the size of the 
insurance premium and the level of protection. Additionally, there will be other 
factors more difficult to assess. Principal among them is the farmer's 
expectation (subjective probability) that the actual yield will fall below the 
guaranteed yield. This consideration had speciai significance during the period 
of the current study. During this period, guaranteed yield was calculated on the 
basis of average historical yields in a given geographical area, not average 
yields on each individual's farm. As a consequence, the crop insurance 
program was plagued with an adverse selection problem. Individuals whose 
yields had historically been below the average for the area would have a high 
subjective probability that their yield would fall below the guaranteed yield 
(even in a good year). In more recent years, a farmer guarantees borrowing 
power by participating in the insurance program. A crop insurance policy can 
be used as a collateral for borrowing money. 

In what follows a preliminary model is developed to describe crop 
insurance and crop diversification choices. This joint decision has interesting 
features which complicate modeling and which have not been addressed in 
previous research. Two of these features receive particular emphasis in the 
subsequent analysis. The first is the importance of risk preference in crop 
diversification and crop insurance decisions. The second is the juxtaposition of 
discrete and continuous-type decisions. The roles of these two fe'-,tures are 
discussed in the next two sections. 

Once the model is developed, it is estimated for a somewhat 
circumscribed problem--the case where there are, at most, two potential crops 
which are good economic alternatives. Because of the complexity of modeling 
the discrete/continuous choice, this relatively easy subproblem was chosen to 
test the usefulness of the model. Clearly the model needs to be broadened to 
make it applicable to a larger percentage of the farm sector. 

Finally, throughout the analysis, attention is focused in yield variability. 
Variability of price is ignored. This certainly flies in the face of reality. 
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Introducing price variability into the model would complicate it further; this step 
remains to be taken. 

The Conceptual Model 

For exposition purposes, consider the case in which soil and weather 
conditions limit the crops which can be planted in a county to only two (e.g. corn 
and soybeans). This actually makes for four different uses to which farmers can 
put any one unit of their land--insured corn, uninsured corn, insured soybeans, 
and uninsured soybeans. Each of these "uses" has its own per acre expected 
profit and variance of profit. The problem would be relatively simple if the 
farmer were forced to choose one use for all farm land. The decision problem 
would be a discrete one in which expected utility (as a function of the 
distribution of profits) from each of the four uses would be compared. A discrete 
choice modeling framework would be sufficient for the analysis. Alternatively, if 
the problem were such that the farmer always chose an interior solution--i.e. a 
positive number of acres allocated to each of the four alternative uses--then the 
decision problem would be a continuous one. One might model the choice of 
number of acres in each crop/insurance combination using regression analysis. 
Appropriate constraints across equations might be necessary, of course, if a 
constraint on total acreage was imposed. 

Unfortunately, the decision problem is complicated to analyze because a 
variety of "partial" corner solutions can exist. That is, acreage may be devoted 
to more than one use but fewer than all uses. This type of corner solution 
problem arises in a number of economic decision situations, but straightforward 
and entirely consistent methods for modeling it have not been developed (see 
Bockstael, Hanemann, and Strand, 1986; Kling, 1986). 

One way of handling the problem is to model it in two pieces. First define 
the finite set of discrete "alternatives," each of which is a portfolio of 
crop/insurance "uses," and model the discrete choice among these alternative 
portfolios. Second, model the decision of how much acreage to allocate to 
each crop/insurance "use" in the chosen portfolio. The distinction between 
"alternatives" and "uses" is all important here. The former represents a portfolio 
of crop/insurance uses to which positive amounts of acreage are allocated. 

An example will help in clarifying this distinction. Consider once again 
the case in which there are only two viable crops (e.g. corn and soybeans) 
available to the farmer who has a fixed amount of land. All acres may be 
planted in corn and insured, all acres may be planted in soybeans and insured, 
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corn could be planted and left uninsured, soybeans could be planted and left 
uninsured, or any combination of the above. With two crops (e.g. corn and 
soybeans) and two insurance alternatives (yes and no), there are 24 - 1 = 15 
alternative portfolios, defined in this way. Strictly speaking, there is one more 
alternative, that of allowing some of the land to lie fallow. Depending on how 
the alternatives and the total acreage are defined, this could be an important
"use" to include. 

Each portfolio or "alternative" embodies between one and four 
crop/insurance "uses" for which positive amounts of acres are allocated. With 
more viable crops or more insurance choices, the number of alternative 
portfolios increases rapidly. In general, with nl crops and n2 insurance choices, 
there are 2nln2 - 1 discrete choices. 

The farmer's decision involves a discrete choice among these 
alternatives or portfolios, but it also involves the continuous choice of how many 
acres to allocate to each crop/insurance use embodied in the chosen 
alternative or portfolio. For example, the discrete choice (chosen from the 2n - 1 
alternatives available to a given farmer) might be to plant some uninsured acres 
in corn and some insured acres in soybeans. The continuous choice would be 
how many acres to plant in each. Clearly, the continuous choice is conditioned 
on the discrete one. What might be less obvious is that the discrete choice 
requires knowledge of the optimum solution to each (conditional) continuous 
choice. Once the form of expected utility is introduced below, this decision 
process can be given precise form. 

Treatment of Risk 

When considering the effect of risk preference on individuals' decisions, 
it is useful to employ the concept of expected utility. The individual's utility is a 
function of income (in this case, profits), but when decisions made, thisare 
income is uncertain. Risk preferences will be reflected in the expected utility an 
individual associates with outcomes of differing levels of uncertainty. 

In this analysis each individual's utility is assumed to be a function of 
expected profit and the variance of profit, so that decisions are based on a 
comparison of expected profit and variance of profit across alternatives. Higher 
moments of the distribution of profits may indeed be important to decision 
makers. Yet there is doubt as to how accurately individuals can assess these 
moments and how precisely researchers can evaluate individuals' 
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assessments. Mean-variance analysis in empirical work has been supported 
by many researchers with justifications dating back to the early work of 
Markowitz and Freund. Additionally, Levy and Markowitz have shown that the 
mean-variance approach approximates situations in which the restrictive 
assumptions of normality and quadratic utility do not hold. The theoretical 
foundation of the mean-variance approach is that individuals maximize 
expected utility. Although critics of the expected utility theory have proposed 
alternative theories of behavior under risk, expected utility theory continues to 
be the dominant framework of empirical analysis and is employed here. 

Our starting point is that utility is some (unknown) function of profit. 
However, profit is not fixed but has a stochastic distribution. Let us consider a 
Taylor series expansion of this (unknown) utility function, expanding around the 
mean value of profit. The Taylor cs;ies expansion of utility around the mean 
value of profit may be expressed as 

1 
(1) U(7:) = U(En) + UI(En) (n-En:) +-[U2(E :) (i:-Ei:)2] + 

1 
1[U3 (Et) (t-Eir) 3] + 

where 
En = expected value of profit, and 

" -
Ui = 

Taking the expected value of (1) and recognizing that E(t-En) = 0, expected 
utility can be written as 

(2) E[U(n)] = U(Ei:) +[U 2 (En) M2] +16[U 3(Er) M3] ... 

where Mk is the kth moment of profit about its mean. 
Equation (2) suggests that expected utility can be expressed as a 

function of the expected value of profits and moments of the distribution of 
profits about the mean. Precisely what form the function should take or how 
many moments should be included in an actual estimation procedure is o,.,si to 
debate. As argued earlier, the higher the moment, the more difficulty the 
individual is likely to have in assessing it. Additionally, higher moment terms 
tend to add less and less to the precision of the Taylor series approximation. In 
the analysis which follows only the mean and variance are included linearly in 
the expected utility function. This is, by necessity, an arbitrary choice. Further 
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work should assess the sensitivity of these results to the functional form and 
number of moments chosen. 

For the model used below, expected utility has two arguments: the 
expected profit and variance of profit. Thus, for each of the crop/insurance 
alternatives described above, there will be an expression for expected utility. 
Individual i's expected utility associated with the jth alternative is given by 

(3) E[Uj] = Oij (Eni j,Vnr j)+e-jj
 

where
 

Uii = the systematic portion of individual i's expected utility from 
the jth alternative, 

Ei j = individual i's expected profit from the ith alternative, 
V i j = individual i's variance of profit from the jth alternative, and 

= unmeasured and unmeasurable factors which affect the 
expected utility of alternative j for individual i. 

Note that given this simple construct, we would expect DUi j/Ei j to be 

positive and aUi j/aV7ri j to be negative if the individual is risk averse. 

Modeling the Discrete/Continuous Choice 

In this section the model of the farmer's participation decision in multiple 
peril crop insurance program is developed. The model incorporates both the 
discrete and continuous components of the decision and utilizes the expression 
for expected utility suggested above. The same basic model could be used with 
a number of different specifications of expected utility, as long as the 
expressions were linear in parameters. However, the more complex the 
expected utility function, the more difficult would be the solution of the 
continuous decision and the calculation of values for explanatory variables. 
This will become clear as we develop the model and outline the estimation 
procedures for our relatively simple expected utility formulation. 

Recall the nature of the problem. An individual with ni crop possibilities 
and n2 insurance possibilities can choose to allocate a fixed amount of land to 
any of the 2nn 2 - 1 sets of uses which we have called alternatives or portfolios 
of uses. The choice among these 2n l n2 - 1 alternatives will be made given an 
optimal allocation of land across uses. Thus if there are two crop possibilities [A 
and B and two insurance possibilities (yes and no)], the decision will be based 
on a comparison of the expected utility achievable from each of fifteen 
portfolios: 
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1) all land allocated to crop A insured,
 
2) all land allocated to crop B insured,
 
3) all land allocated to crop A uninsured,
 
4) all land allocated to crop B uninsured,
 
5) land allocated optimally between crop A insured and crop B
 

insured, 
6) land allocated optimally between crop A uninsured and crop B 

uninsured, 
7) land allocated optimally between crop A insured and crop B 

uninsured, etc. 

Given optimal allocations among uses, the individual will make a discrete 

choice among the 2n n2 - 1 discrete alternatives. Of the several discrete choice 

models, the logit specification is used in this study because it handles 

multichotomous decisions quite well. A utility theoretic motivation for use of the 

multinomial logit model to analyze discrete choice problems has been 

developed by McFadden (1973). Following McFadden and using expression 

(3), the probability that the expected utility of the ith individual from alternative j 

exceeds the expected utility from any other alternative can be expressed as 

(4) Pij = Pr {[Uij (Eni ,Vni j) +ej i > [-Ui h(Eni h, V7i h)+ El Q 

for all h in the alternative sot. This probability can be rewritten as 

Pij = Pr{cih - Eiy <Uij (Eiij,Vnij) - Uih (EMOjh,Vtih)}, 

for all h, which is defined by the cumulative distribution of the stochastic variable 

Tlihj = Eih - eij. The probability distribution of ri will depend on assumptions about 
the distribution of the E's. If 6 is assumed distributed as a Weibull, then rJ is 

logistically distributed and the modelling approach is 'abelled logit analysis. (A 
similarly shaped sigmoid distribution function for 1 arises if £ s assumed 

normally distributed, resulting in a probit analysis). Here we assume a Weibull 

distribution for the e's (which substantially facilitates computation) as well as a U 

function linear in parameters. With these assumptions, the probability of 

individual i choosing alternative j is 

(5) Pi j exp [Go + Bi Enii + 132Vfti i] 
- exp [Bo + 131lEnih+ B2V7lih]
h 

where 
Pij = the probability that the ith individual chooses the jth alternative, 
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U h = the non-stochastic parts of the ith individual utility function 
associated with the hth alternative, 

Eli h = the ith individual's expected total profits from the hth 
alternative, 

VNi h = the ith individual's variance of total profit from the hth 
alternative,and 

1o, 311, and B2 = the unknown parameters. 

Unless we specify that 3o will vary over alternatives, i.e. that certain alternatives 
are more likely to be chosen, ceteris paribus, then ,6o cannot be recovered in 
the estimation process. However 1 and 02 can be estimated, and we do so 
using maximum likelihood procedures. 

If it were not for the continuous dimension to the choice, the discrete 
choice would be easy to assess. However, the interaction of the continuous 
and discrete decision complicates the expression for the farmer's qxpected
profit (Enj) and variance of profit (V~tj) for any given alternative, because each 
alternative represents a set of uses where the acres are optimally allocated 
among uses. The actual expected profit of a portfolio of uses will be the sum of 
expected profits per acre from each use, weighted by the acres allocated to the 
use. Ingeneral, expected total profits is given by 

(6) 	 Eni = Y_ AkE k
 
ke Kj
 

and variance of total profits is given by 

(7) 	 Vj =_, AN V +, Ak Ag E(8k8g)
 
ke Kj Ir= KKge K
 

where 
E7cj = total expectec profit from the jth portfolio, 
Vnj = variance of total profits associated with the jth portfolio, 
Ak = number of acres allocated to the kth use, 
Kj = the set of uses in portfolio j, 
Ek = per acre expected profits associated with the kth use, 
VSk = variance of per acre profits associated with the kth use, and 
E(6k~g) = covariance of per acre profit between the kth and gth uses. 

Expected utility depends on the covariance between per acre profits in 
different uses. Ingeneral, if the profits associated with different crops are either 
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negatively correlated or not very correlated, diversification could reduce risk. 
However, if there is perfect positive correlation between profits, diversification 
will do nothing to eliminate risk. Crop insurance becomes a more attractive risk 
management strategy as the correlation between crops increases. 

Now we can see the difficulty with direct application of discrete choice 
analysis. The E7tj and Viij in (5) are quite complicated and depend on optimal 
values of acreage allocations to each use (the Ak'S in expressions (6) and (7)). 
Thus tha farmer is assumed to compare expected utility of portfolios where the 
expected utility of the jth portfolio is given by 

(8) E[Uj]= MAX [13o+ 131( )+1G2( V8k+AkE + 1A3AI,...,AKj kE Ki kr= Ki 

. A"Ag E(8k )) + j]
 
ke Kj ge Kj
 

where 7, Ak = A and A is the total number of acres available to the 
ke Kj 

individual.1 

In order to estimate the discrete choice model, it is necessary to obtain 
values for E7rj and V7rj, but these depend on the solution for the optimal acreage 
allocation for each possible portfolio of uses. The form of the functions for the 
optimal acreage allocation depends on the number of non-zero uses embodied 
in the portfolio. When the portfolio involves only on3 use, the constraint implies 

A, goes to that use. When the portfoiio involves two uses (e.g. uninsured 
soybeans (SU) and insured corn (Cl)), then maximizing (8) subject to the 
constraint implies 

131 [E8cl - E8SU] + 132 [A (V~ci) - E(tltU)] 

132 [2(V8Cl + VSsU) - 2E(8su8cI)] 

and 

ASU = AC 

1Prior to 1982 the guaranteed yields were calculated with respect to 
average area yield. Beginning 1982, an Individual Yield Coverage Program
(IYCP) was designed to offer farmers who produce higher yields more 
protection. However, for 1982, less than one percent of the potential farmers 
selected IYCP. Since this study is based on data for 1982, any changes which 
have been made since 1982 do not affect the development and the result of the 
model in the later sections. 
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where 
Aci = total acres devoted to insured corn, and 
ASU = total acres devoted to uninsured soybeans. 

The optimal acreage allocation functions will take different forms for 
different numbers of uses in the portfolio. Even though the arguments in the 
acreage allotment functions are defined differently for different portfolios, the 
parameters are, however, identical. Thus, the acreage allotment functions can 
be pooled across observations and non-linear maximum likelihood estimation 
procedures used to estimate the common parameters, 131 and 32. 

Each of the above estimation procedures (the discrete choice model and 
the continuous model) provides a means of estimating the unknown 
parameters, 131 and 32. Ideally, the two-choice problems should be estimated 
simultaneously to maximize efficiency. However, techniques were not readily 
available to accomplish this, and an iterative procedure was employed which 
nonetheless used information from both types of decisions. This procedure is 
outlined in the estimation section. 

The Data and Calculation of Relevant Variables 

The theoretical model developed above is micro-economic in nature in 
the sense that it is derived from postulates of individual behavior. Hence, for the 
purpose of estimation, the ideal data are microdata, i.e. data on individual 
farms. However, microdata are not readily available. By necessity, aggregate 
data are used in this study to demonstrate the model. The data are on a county 
basis and include information on yield, guaranteed yield, premium, market 
price, indemnity price, potential acres, and acres insured. Interms of the model, 
each county is being treated as if it were a single farm. While greater 
disaggregation is preferable in the abstract, aggregation to the county level 
does mitigate some of the problems which arise because of the nature of 
guaranteed yield calculations and because of unmeasurable differences in 
individual farm situations. 

The data consist of a cross-sectional sample of 140 counties in the states 
of Georgia, Illinois, Indiana, Kentucky, Maryland, North Carolina, Ohio, 
Pennsylvania, South Carolina, Tennessee, Virginia, and West Virginia. The 
sample was restricted to counties which for the most part have insured no more 
than two different crops over the last decade. The two-crop limit served to 
reduce the number of portfolios available, yet allowed demonstration of the 
nature cf the choice model. 
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According to FCIC personnel, the overwhelming majority of farmers who 
participate in the crop insurance program choose the highest coverage level 
and highest guarantee price. This is borne out by the observed sample of 
farmer participation decisions. For the purpose of estimation, we consider only 
two insurance options: a) not insuring and b) insuring with the highest 
coverage level of insurance protection and highest price protection. The 
insurance decision is to insure at 75 percent or not at all. 

Even with two crops and two insurance alternatives, there are fifteen 
possible portfolios. While somewhat restrictive, this limited problem still allows 
us to accomplish the objective of demonstrating a model which captures both 
the discrete and continuous nature of the farmer's decision under uncertainty. 

For each county and each crop, yearly data on yield per acre from 1967 
to 1982 were taken trom USDA Crop Reporting Service bulletins. Data on price 
received by farmers for each crop were also obtained from the same source. 
Data on potential acres, acres insured, and indemnities were obtained from the 
Federal Crop Insurance Office in Kansas City, Missouri. Among the total 
sample 43 percent had yields below the guarantee level and received 
indemnity payments in 1982. The loss ratio (indemnity/premium) ranged from 
zero to 15.15 across counties in 1982. 

The model developed above requires an approximation of an 
individual's perception of expected profit and variance of profit associated with 
each use (Ek, Vk) as well as covariances between uses [E(8kg)]. The 
expected profit and variance of profit, in turn, depend on the expected yield and 
variance of yield of each use in the portfolio. Since farmers' perceptions of the 
distribution of yields are likely to be affected by their past crop production 
experiences, county-level data on yield per harvested acre from 1967 to 1982 
were used in calculating proxies for expected yield and variance of yield. It 
should be noted here that yield per harvested acre (the only data readily 
available) is not the same as yield per planted acre, and it is the later that the 
FCIC insures. Consequently, subjective probabilities calculated on the basis of 
yield per harvested acre will be optimistic (biased upward). Marginal and joint 
density functions of yield based on this historical data were determined for each 
use in each county in order to calculate the expressions for the expected profits 
and variance of profits for each portfolio. 
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In this study it is assumed that yields are distributed approximately 
normally. 2 Since marginal distributions are assumed to be approximately
normal, the joint distribution is treated as bivariate normal. Additionally, in the 
calculation of expected profit and variance of profit, the insurance premium is 
the only variable cost subtracted, because data were not available un operating 
costs. 

The exact procedure for calculating the expected values, variances, and 
covariances of per acre profits for different uses is presented in the Appendix. 
Those formulas were applied to historical data to generate the necessary 
explanatory variables. It is interesting to note that when these calculations are 
made from actual data, uses which reflect non-participation in crop insurance 
tend to exhibit higher expected profits n higher variance of profits. Crop
insurance appears to reduce risk but lower mean profits, suggesting that the 
decision to participate will depend heavily on risk preferences. 

Estimation Results 

Since the farmer's participation decision and acreage allocation decision 
are generated by the same utility maximization problem, the logit model 
(expression (5)) and the continuous choice (expressions such as (9)) contain 
the same parameters. If these models were estimated independently, two sets 
of estimates of the same B's would be obtained. Alternatively, if simply the 
continuous choice problem was estimated conditioned on the actual discrete 
choice, information would be lost and the coefficient estimates would not be 
efficient. The practical difficulties inherent in simultaneous estimation argue for 
a two-stage iterative estimation procedure in this preliminary investigation. That 
is, the estimated coefficients from one segment of the model are used as 
initialization parameters in the estimation of the other segment, and vice versa, 
until coefficient estimates converge. Lee and Trost and Heckman suggest a 
similar procedure. 

!n this analysis we must begin with the continuous model. The acreage 
allocation functions are pooled across observations and non-linear maximum 
likelihood methods used to estimate the common parameters. Then the 
estimates obtained from this procedure are employed as initial values in the 
discrete choice model. The parameter estimates from this stage are then used 

2 The Shapiro-Wilk statistic was used to test for normality. The null 
hypothesis that each county yield is distributed normally was not rejected. 
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to initialize the continuous choice model, and so on. Unfortunately, this does 
not ultimately guarantee identical parameter estimates in both the continuous 
and discrete stage. Only simultaneous estimation would do that. However, 
when convergence criteria are met in both estimations, the final sets of 
estimated parameters are quite close. The reported results in this section are 
the estimates after convergence. 

The results of the last round estimation from the system of acreage 
allocation equations (the continuous choice) are presented in Table 1. A chi­
squared test on the likelihood ratio statistic is used to test the hypothesis that all 
parameters are equal to zero. 

The calculated statistic is significant at the 1 percent level of significance. 
Thus, the null hypothesis that both coefficients are equal to zero is rejected with 
99 percent confidence. Thc estimated coefficients are also individually 
significantly different from zero at the 95 percent confidence level (indicated by 
the t-statistics) and have the expected sign. 

The discrote chloice of farmer's oarticipation behavior was estimated 
using the logit discrete choice model (expression (5)). The results of the 
estimation are given in Table 2. 

Two statistical tests are used in the analysis of the multinomial logit. One 
is the likelihood ratio statistic. The likelihood ratio statistic at two degrees of 
freedom is 204.4703. The distribution with two degrees of freedom at the 99 
percent confidence level is 9.21034. Thus, the null hypothesis that all 
coefficients are jointly equal to zero is rejected at the 0.01 level of significance. 

The other test statistic which is useful in describing the explanatory 
power of the multinomial logit is 

-(10) p2[1 LI! n/2 
L() 

The value of p2 is .99 and indicates that the model explains the major portion of 
the variation. 

Another "goodness of fit" measure sometimes employed with discrete 
choice models is the "percent correctly predicted." This statistic depends on a 
particular definition of "correct prediction." The observation is considered 
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Table 1. Estimation Results (Continuous Choice)a 

Degrees of 

Variable Coefficient t-statistic Test Statistic Freedom 

Expected .46967 1.84 
profit 

-2log [Q 2089.62 2 

Variance -.8330 -5.4 
of profit
 

a In the estimation of the continuous model, the number of observations (580) increases 
by the number of chosen alternatives. For example, ifin a county four alternatives are chosen (i.e.
plant corn, plant soybeans, plant corn and insure, plant soybeans and insure) four observations 
are considered, and so on. Number of observations =2380. 

Table 2. Estimation Results (Discrete Choice) 

Variable Coefficient t-statistic Test Statistic 

Degrees of 

Freedom 

Expected 
profit 

.5038 1.98 

-2lgEL(13o) 1 
-2,logL-O- 204.4703 2 

Variance 
of profit 

-.5829 -8.61 

Percent predicted correctly = 38.1; p2 = .99; observations = 140. 
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correctly predicted if the alternative with the highest predicted probability of 
being chosen is actually the observed choice. By this standard, if the 
multinomial logit predicts that, for a given observation, the utility of alternative j 
is the highest of all available alternatives' probabilities and the individual is 
observed to choose the jth alternative, then the prediction for this observation is 
considered correct. The percentage of cases "correctly predicted" by this 
criteria is 38.1 percent. This is rather encouraging. With fifteen alternatives, the 
odds of predicting correctly with no information is 7 percent. It is also 
encouraging because the measure underestimates the value of a model. The 
"percent predicted correctly" statistic gives no weight (as regression techniques 
implicitly do) to being close. If the actual choice is the one predicted to be the 
second best by the model, the observation is still considered incorrectly 
predicted. 

The estimated parameters of the logit analysis are both significantly 
different from zero at tha 95 percent confidence level and have the expected 
sign. The positive coefficient on the expected profit indicates that as the 
expected profit of alternative j increases relative to other alternatives, the 
probability of choosing alternative j increases relative to other alternatives. On 
the other hand, the negative coefficient on variance indicates that farmers prefer 
alternatives with less variation, other things being equal. In other words, 
farmers are risk averse. 

In qualitative terms, the results suggest, as expected, that any changes in 
the Federal Crop Insurance policy toward enhancing expected profit and 
reducing variance of profits should increase the rate of participation in the crop 
insurance program. The model indirectly shows the effect increased 
participation in crop insurance might have on crop diversification. If policies 
were undertaken to make crop insurance participation more appealing, the 
resulting increases in participation might lead to changes in the crop mix in 
areas where diversification was used as a risk managing tool. 

Unlike regression coefficients, the estimated coefficients of a discrete 
choice model are difficult to interpret intuitively. From (5) we see that the 
predicted probability of choice jis given by 

IA2Vni)(11) Aj exp ( 1Eni + 
I exp (61Enk + 12Vnk) 
k 
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so that the predicted ratio of the odds of choosing j relative to some other choice 
m are 

(12) m exp 1Ei + 162Vni) 
(=BexpBIEnm + 12V1m) 

The estimated coefficients relate the odds of choosing one alternative over 
another to the difference in the values of explanatory variables associated with 
the two alternatives. Our estimated model indicates that a one-dollar change in 
the difference between expected profits from alternative j and expected profits 
from alternative m would produce a change in the log of the odds of choosing 
alternative j of approximately .5. That is 

a En(A,. Em )(13) a(Ei -Em) 

Put another way, a one-percent change in the difference in expected profits 
between two alternatives produces a percentage change in the odds of 
choosing those two alternatives equal to about .5 times the difference in 
expected profits, 

(14) In (j/m) = 1 (Enj - E/tm) + h2 (Vnj - Vnrm) 
so that 

(15) ln( 1 m) = (Enri - E:m)= .5 (Enti - Erm) 
(1) aln(Eri - Enm)= ( 

Likewise, a one-percent change in the difference in variance of profits between 
two alternatives produces a percentage change in the odds of choosing those 
two alternatives equal to about -.58 times the difference in variance of profits. 

The multinomial logit model can be used to predict the probabilities of 
choosing different alternatives given hypothetical changes in the economic 
decision environment. Predicted probabilities could be obtained by substituting 
into expression (11) the estimated parameters and values for the expected 
profits and variance of profits incorporating the hypothetical change. There are 
a number of ways in which these predicted probabilities can be used; the one 
chosen here (and frequently used in discrete choice analysis) is to interpret 
these predicted probabilities as predicted percentages of the aggregate. 



169 Modeling the Demand for Crop Insurance 

It is in this role of prediction that the discrete choice model is particularly 
useful. One can postulate a policy which would alter the calculations of 
expected profit and variance of profit, as defined in the Appendix, and then 
predict the ultimate decisions - the percentage of acres which would be 
allocated to different uses. Of particular interest WOLld be that percentage 
which would be insured given some hypothetical change in the crop insurance 
program. 

There are many ways in which the crop insurance program could be 
made more attractive. The policy makers may be interested in predicting the 
impact of a major change in the program such as in premium rate, guaranteed 
yield coverage, etc. In a survey conducted by the General Accounting Office, 
farmers have cited inadequacy in coverage level as a reason for low 
participation. Consequently, we consider a hypothetical change in coverage 
level to demonstrate the predictive power of the model. In order to predict 
farmers' participation in crop insurance, expected profit and variance of profit 
were calculated by changing the maximum guaranteed yield from 75 percent to 
85 percent. Over the counties in the sample, 4,038,909 acres were not insured 
in 1982. The model predicted that should the guarantee level be increased to 
85 percent of average yield, acres insured would increase by 468,124, or about 
12 percent of previously uninsured acreage. 

Final Comments 

The purpose of this paper was to explore a rather different model of crop 
insurance demand. The most crucial question in crop insurance policy is: Why 
do the vast majority of farmers choose not to participate in the program? One 
way to address this issue is to attempt to model, and therefore describe, the 
process by which farmers make their participation decisions. This preliminary 
paper tried to do that, taking into account some key aspects of the nature of the 
decision. 

The first consideration, and the one which dictated the design of the 
model, is that the participation decision is interrelated with other decisions. The 
farmer's decision about crop insurance participation is intricately linked to crop 
choices. This aspect of the problem changes the decision from a simple 
dichotomous discrete choice (participate or not) to a more complex discrete 
continuous choice problem. Problems like this are scattered throughout 
economics but never seem to be handled very satisfactorily. In the analysis, an 
iterative solution to the interrelated discrete and continuous decisions is 
employed. 
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The second consideration is that of uncertainty. Since the issue is one of 
insurance, attitudes towards uncertainty obviously must play a role in decision 
making. Calculations of means and variances of profits using historical data 
suggest that crop insurance generally provides an alternative with a lower 
average profit but also a lower variance in profit, suggesting the importance of 
risk preference in participation decisions. Uncertainty has been a popular topic 
in economic research, yet no consensus has developed as to its appropriate 
treatment in empirical work. The approach used in this analysis is a simple 
mean-variance one, chosen to minimize the complications introduced into an 
already complicated model. 

The paper emphasizes the complexity inherent in modeling the crop 
insurance participation decision when its interrelationship with crop decisions 
and its dependency on risk attitudes are both taken into account. It also 
provides an example of the useful sorts of predictions such discrete/continuous 
models can generate. Yet, the results are limited by the scope of the 
observations, the arbitrary choice of expected utility functions, the assumption of 
non-stochastic price, the less-than-optimal iterative estimation procedure, and 
the limited one-year planning horizon inherent in the decision framework. If 
these shortcomings were addressed, the general approach could provide 
especially useful information for policy makers. 
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Appendix 

Calculation of Expected Per Acre Profits and Variance of 
Per Acre Profits for Each Use 

To give numerical values to expected profits and variance of profits for 
portfolios, one must calculate expected profits per acre and variance of per acre 
profits associated with different uses. Let us first consider the per acre profits for 
an uninsured crop where we suppose that prices and operating cost are non­
stochastic but yields are stochastic. Then per acre profits for the uninsured crop 
X (Bxu) may be expressed as 

=(Al) 8xu pxX- Cx 
where 

Px = market price for crop X 
X = yield per acre for crop X 
Cx = per acre cost associated with crop X 

Thus, the farmer's per acre expected profit can be written as 

(A2) E[5xu] = pxE(X) - Cx 
where 

E[8xu] = per acre expected profit associated with an uninsured crop 
E(X) = expected value of yield (crop X) 

The variance of profits per acre from an uninsured crop is 

2 
(A3) var[6xu] = px var(X) 

where 
var[&xu] = variance of profit per acre 
var(X) = variance of yield 

Since price is (unrealistically) assumed to be nonstochastic, variance of profit 
depends directly on the variance of yield. 

The expressions for the expected value and variance of per acre profits 
are more complex when the use involves planting an insured crop. The per 
acre profit associated with this particular use, if yield is above the guaranteed 
level, is expressed as 

(A4) 8xlA =p.X- (Cx + Rx) if x > oX 
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where 
SAA = per acre profit associated with an insured crop (X) wher yield 

falls above the insured level (X) 

oX = guaranteed yield coverage 
Cx= per unit cost of production associated with crop X 
Rx= per acre cost of premium associated with crop X 

If the farmer participates in the Federal Crop Insurance program and his yield 
falls below the insured level, his per acre profit is 

(A5) AIB = PxX + (aX - X)-(Cx + Rx) if X5<oX 
where 

&'xlB = per acre profit associated with insured crop (X) when yield falls 
below the insured level 

aX - guaranteed yield coverage 

P = per acre indemnity price associated with crop X 

Based on the expressions (A4) and (A5), the per acre expected profit for 

the participating farmer can be written as 

+00 +00 aX 
(A6) E[xl]=px f X f(X) dX- J (Cx+Rx) f(X)dX+px f X f(X) dX 

cR aX 0 

aX 

- (Cx + Rx)f(X) dX + P-x f(ox: - X)f(X)dX 

or 

(A7) E[S&] pxE(X) +'P f (a X) f(X) dX- (Cx + Rx) 
-00 

where 
E[8l] = per acre expected profit associated with planting crop X and 

insuring 
f(X) = the density function of yield 



175 Modeling the Demand for Crop Insurance 

In this case the expected profit is not determined solely by the expected yield. It 
also depends on expected return from insurance. 

The per acre variance of profit associated with this crop/insurance choice 
can be defined as 

aR 
(A8) va2] p var(X) + P2 f (o X)2 f(X) dX + 2p'xpx 

-00 

cRax, d 2 

f X(a - X) f(X) dX - p-x[2 (aX- X) f(X) dX 

aX 

-2TxpxE(X) f (a X)f(X) dX 
-00 

where 
var[Bx] = variance of profit per acre of crop with insurance 

The above expression indicates that the variance of profit depends on the 
variance of yield and the expected value of yield. 

The covariance of profit between uses i and j is given by E[8ij] - [E~iEjl, 
which takes a different form depending on whether i and/or j are insured uses. 
If both represent insured crop uses, then 

(A9) Covi = f .f"[pxjXj - (Cxj + Rxj)] [PxiXi - (Cxi + Rxi)] h(XjXi) 

acXi aXj 

dXjdXi + f j [pxjXj +Pxj (acXj - Xj) - (Cxj + Rxj)] 
-00 -00 

[pxiXi + Pxi(aXi - Xi) - (Cxi + Rxi)] h(XjXi) dXjdXl + 
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aXj
J f [PxjXj + 'xj (a Xj - Xj) - (Cxj + Rxj)] [PxiXi - (Cxi + Rxi)] 

aXj 

aX 
h(XjXi) dXjdXi + f I [pxjXj - (Cxj - Rxj)] [pxlXi +:xi 

-0 aX 1 

(ozXi - Xi) - (Cxi + Rxi)] h(XjXi) dXjdXi - E[Bi]E[8j] 

where 
h(XjXi) = the joint distribution density function between yields. 

The covariance between profits depends on the covariance between 
yields. Other things being equal, the more profit associated with alternative 
crops tends to move together, the less do variations in profits cancel out; hence, 
the greater the variability of total profit. 

The above rather elaborate expression can be contrasted with the 
covariance when both crops are uninsured. This is given by 

(Al 0) Covij = {pxipxjE(XiXj) - CxjpxiE(Xi) - CxipxjE(Xj) + CxiCxj} ­

([pxjE(Xj) - Cxj] [pxiE(Xi) - Cxi]} 
or 

(Al 1) Covij = pxipxjCovXiXj - 2pxjCxiE(Xj) - 2pxiCxjE(Xi) 
Finally, when one crop is insured (Xi) and the other (Xj) is not, their covariance 
is given by 

+00 +00 

(A12) Covij = j j [pxiXi - (Cxi + Rxi)] [pxjXj - Cxj] h(XjXi) dXjdXi 
-00 axi 

+ j f {[PxiXi +Pxi (cXi - Xi) - (Cxi + Rxi)] [pxjXj - Cxj] 
-h-X -W 

h(XjXi) dXjdXi} - E[8i]E[8j] 


