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AN ALTERNATIVE APPROACH TO DECISIONS UNDER UNCERTAINTY:
THE EMPIRICAL MOMENT GENERATING FUNCTION

In their recent article, Collender and Zilberman extended the use of the

expected utility (EU)-moment generating function (MGF) approach to decision

making under uncertainty to the case of continuous choice variables. They

demonstrated that the model has greater flexibility than the mean-variance

approach since distributions other than the normal may be used with their

exponential utility function. However, it is still necessary to specify a

distribution, and it must have a closed-form MU.

[In the present paper, we extend the EU=MGF framework to a much broader

class of optimization problems including multivariate choice problems when the

relevant distributions differ or are unknown. This is accomplished by the use

the empirical moment generating function (EMGF)-__ We require only that the

NU exist for random variables of interest; it need not be knowng

Introduction

Hammond first suggested the use of the MGF for risk analysis because of its

compatibility with the exponential utility function. The exponential utility

function is a preferred alternative to the quadratic utility function based on

its properties concerning risk aversion; the MGF approach permits nonnormal

probability distributions to be included in the EU maximization problem.

Yassour, Zilberman, and Rausser applied the EU-MGF framework to the

discrete-choice problem of whether to adopt a new crop variety. They compared

cases in which new varieties yields followed normal and gamma distributions.

Skewness of the gamma was shown to substantially affect the probability of

adoption of a new variety compared with the case in which its yields were

normally distributed.



Collender and Zilberman extended the model to permit choice among several
continuous distributions. Under their approach, the random variables of
interest must have known MGFs. They presented the cases of bivariate normal
and bivariate gamma yield distributions for cotton and corn and examined the
allocation of land to those two crops with yield uncertainty for each.

In this paper, we present an extension of the EU41GF framework to the case
of unknown distributions. We present both the statistical properties and
applications of the EMGF, a nonparametric approach to decision making under
uncertainty.

Because it is as compatible with the EU framework as a known MGF, the
nonparametric approach overcomes three limitations of the parametric case:

1. Distributional Uncertainty The choice of the appropriate

cannot-easily-be-addressed in- the paraffietric cise.
The EMGF, since it is nonparametric, does not require that the correct family
of distributions be selected, rather, it can be viewed as an estimator of the
correct distribution which permits statistical tests of goodness-to-fit of.
various known distributions.

2. Analytical Tractability. The NIBF for particular families of

distributions may not exist in a convenient closed form, the EMU is extremely
simple. The difference is slight for the case of single random variables or

the multivariate normal; in nearly all other cases the EMGF is much more

tractable. This is especially true when random variables of interest follow

distributions from different families, such as one normal and one gamma, or

when they are truncated by programs such as price supports or crop insurance.

3. Statistical Ptoperti6s. The EMGF leads to several attractive

statistical properties such .as unbiased estimations of EU. In contrast Pope



and Meyer have shown that unbiased estimates of EU do not follow from unbiased

estimates of the parameters of the probability distribution.

The paper is organized as follows. In the following section we review

the EU-NIGF approach to choice under uncertainty and introduce an alternative,

nonparametric approach using the EMGF. We demonstrate that the nonparametric

approach has a number of desirable properties including unbiasedness,

consistency, minimum variance for its class of estimators, and a known

asymptotic distribution from which confidence intervals can be derived. Next,

empirical applications are presented. The first is the case analyzed earlier

by Collender and Zilbennan--allocation of land to cotton and corn in the

Mississippi Delta. Results with the EMGF approach are consistent with earlier

work. Second we apply the nonparametric approach to a forward-contracting

problem in which a participating farmer is guaranteed a price while yield risk

is unchanged. This latter case is interesting because it involves

distributions which are from different families. Previous models of choice

under uncertainty have been able to yield only approximate solutions to this

type of problem. The nonparametric approach produces an unbiased solution .

under the assumptions of the model.

The Expected Utility-Moment Generating Function Model of
Optimal Land Allocation Among Crops Under Uncertainty .

ConsiderafarmerwhoallocatesLacresoflandamonOlcrops.Let 1 .be1

the amount of land allocated to crop i, vi, the variable cost per acre of

the ith crop, and y1., the revenue per acre of the ith crop. Assume that the

revenues are randomly distributed with a joint distribution function, F(yi

yN), and that the farmer has a negative exponential utility

function defined on profits,
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• where Tr = EN 1.(y. - v.) is the farmer's profit.i=1

The farmer maximizes EU subject to a land availability constraint. Let

(2) my • 0 0 = E exp •[Z (t.
i=1 1

define the MGF of the random vector y (y1, y2, ..., yN) where E is the
expectations operator. Using (1) and (2) the farmer's choice problem
involves the selection of 11, 12, ..., to maximize

(3) -exp r (1.v ) M 1 -rl
i=1 I i

subject to
• 7...-=-3.8- • •

(4a)

and

1. < L
i=1 I

(4b) 11.1 0, for all i.

• • •

Let A be the shadow price associated with the land constraint (4) and
assume an interior solution. Using the Lagrange multiplier technique, the
optimization problem has n 4. 1 first-order conditions. They are equations (4)
and

(5) • re 
rZN M.i=1 i i MC.) mt.].) v) x



where 14. is the first derivative of the MGF, W.), with respect to its ith

element. Using (4) and (5) and assuming an interior solution, one can derive

an alternative set of optimality conditions which excludes X consisting of

(4) and

for i = 2, N.

Callender and Zilberman assumed that returns follow a known probability

density function with a closed-form NIGF. They solved the first-order

conditions in (6) using the method-of-moments estimates for the population

parameters in the MGF. By this method, they developed explicit solutions for

several analytical distributions for the case where the farmer can allocate

land between two uses only one of which yields random returns. They also

presented solutions for the case of two uncertain prospects, with returns

distributed either bivariate normal or .bivariate gamma. *Me this approach

is an improvement over mean-variance analysis, it requires that the NGFs be

known and have a closed form which excludes a number of interesting cases.

The Empirical Moment Generating Function
Solution and Its Properties

The. N artalYN'at)j., 5614A-Lti on -CO tivLE p e ctiLct, all 1
rn 6 en a ra±.0y\6 ‘C-Lunci C r‘

The inflexibility of any particular analytical distribution and associated

problems can be circumvented by using a nonparametric approach based on the

EMGF. The sample observations are used to estimate the MGF rather than

deriving the MGF from an analytical distribution. This approach permits

greater flexibility in the type of problem which can be examined. For

example, with the EMGF, it is possible to consider simultaneously a vector of

random variables characterized by different marginal distributions.

ximmtocomm,,,,,,,m11,1,00=1,MM



• An example of such a problem is the case of a multiple-crop enterprise

with yields following different distributions; profits are random with a

distribution depending on these random yields. The mean-variance approach

requires that profits be normal; here, it does not matter.

The EMGF 141/(t), is defined by

(7) MN(t) = E(e

for the univariate case or

0,4

N tX..;
e

j=1

e
j=1

=ltkXlcj

for the k-variate case. Asufficient condition for the existence of the MGF

is that the range of the variable under question be limited. This is an

intuitively acceptable condition in the case of economic variables, such as

prices, yields and costs since all three are naturally bounded from below by/

zero. Presumably, they are bounded from above also. Furthermore, given that

each of the components of profit is bounded, revenues or profits will be

bounded as well.
•

Traditionally, .the mean-variance approach involves sample estimates for

the first two moments. Antle extends the approach to a third moment and links

moments to inputs as well. Pope and Meyer suggest the empirical distribution

function which completely characterizes the sample distribution. This has the

advantage of freeing the approximation of EU from the choice of the

appropriate number of moments to consider.

The ENGF also completely characterizes the sample. Unlike the historgram

approach of the empirical distribution function the EMGF easily produces



.unbiased estimators of all orders of moments and of EU -as well. To see the

comparative ease with which the EMGF fits into the decision pro
blem at hand,

we return to the first-order conditions in (6).

The necessary conditions using the EMGF are

x e
j=1 31

N EK t xk=1 k 3k
E e
j=1

v
N
E e
j=1

=1 kxjk

t=1 k
x jk

This set of first-order conditions can be solved using a nonline
ar

optimization technique such as the one provided by the ZSCNT
 subroutine of

1MSL Libraries..

VrOpub-.44$ *UV__ EiLiiM orro_PA.€
er-t/Y-Ictx,cmoL.- clJewolL, ueLzt*-/u.p.,

Quandt and Ramsey used the EMGF to estimate the parameters
 of a mixture of two

normal distributions. The statistical properties of the EMGF are derived from

the following observation (Quandt and Ramsey, ip. 723). 
Given a random sample,

xl, i = 1 2, ..., NI, of independent and indentically distributed 
random

variables the quantities e are also independent and identically

distributed for a particular t. The EMGF is simply the mean of these new

-1 N 
41c.

random variables N Zi.1 e . Thus; the EMGF is a sample man

and is an unbiased estimator of the NSF,

tx

Therefore, the EMGF solution to the EU maximization
 problem will be an •

unbiased estimator of the EU of the decision-maker, i
n contrast to the



solution obtained with sample estimates of population p
arameters in some

assumed analytical MGF. The Strong Law of Large Numbers guarantees

'consistency of the EMGF as well (Rohatgi, pp. 263-275).

In fact, it can be shown that the EMGF is a uniformly mini
mum variance

unbiased estimator of the WE. The proof of this propert
y follows the

discussion given by Zacks (pp. 149-155). An estimator, which is unbiased and

is invariant to the order in which the sample is draw
n, is a uniformly minimum

variance unbiased estimator. That the EMGF is. invariant to permutations of

the sample order is straightforward by inspection; th
e sample mean of the

tx. . . .
e is invariant to the ordering of the xi.

It is not enough that the EMGF is a uniformly minimum
 variance unbiased

estimator of the MGF since the land allocation rule r
elies critically on the

'defiVatitres—of—the-MGF:-a-lso-,-Therefore,-  tis_nec
essary. to-show-that the,

derivatives of the EMGF are desirable estimators o
f the derivatives of the MU

as well.
,

To show unbiasedness of the derivatives of the EMG
F, recall that the EMGF-•

is unbiased:

(1o) E [e tl
Taking the partial derivative of each side of (10

) with respect to t yields

rx.
8 e -
at mx(t)J =}(o)=o.

The expectation in (11) can be rewritten as

(12) at x e
taA f(x) dx =

Since neither the limits of integration nor f
(x) depends on t, the order of

integration and differentiation can be inte
rchanged. Thus,



'(13a)

or equivalently

(13b)

a 
fx 

e - Mx(t)J f(x) dx =at

Taking derivatives and expectations yield
s

tx;)
(K i e = Mt (t).

Thus the first derivative is also unbiased and

.. N
N 1

 
 Z x1 . 

e
tx;

11 
' = WM-xi=1 

unbiased estimator which is invariant 
to the ordering of the

••
observations, our estimator of the der

ivatives of the,MGF is also a uniforml
y

minimum variance unbiased estimator
. Also, note that this estimator is

asymptotically normal by the Central
 Limit Theorem.

Consistency can be shown using the S
trong Law of Large Numbers as long as

a finite variance is assumed, i.e.,

(16) 
11(xe

Afinite variance of the estimator o
f the derivatives is assured by our•

assumption that the variables of in
terest have a bounded range. In fact, all

moments exist. These results can be shown for all 
orders of derivatives which

are continuous.

Finally, given that our estimator o
f the EMGF is normally distributed by

the Central Limit Theorem, it ca
n be shown that the 'statistic



(17)
a • [MN(t) mx(t)]

tr-TrigilT

converges in distribution to a standard normal where V[MN(t)] is estimated by

(18) C[NWt)] = (N -
(N tx.) 

Z e 1
i=1

Asimilar statistic can be used to test the derivatives as well.

These properties of the EMGF can be extended to the multivariate case. To

do so requires that the assumption of finite range can be extended to each

element of the random vector of interest.

Empirical Application of Land Allocation Rules
Based on the Empirical Moment Generating Function

In the previous section, we presented the properties of the EMGF which

‘correspond to the well-known properties of the sample mean as an estimator of

the population mean. The EMGF approach was argued to be far more flexible

than the parametric or mean-variance approaches. Meanwhile, it retains the

desirable properties of the moment estimators in the parametric case. The

EMGF is particularly useful when the MGE for the random vector of interes
t

cannot be specified or when there is insufficient prior information to
 select

a parametric family of distributions. It is reasonable to expect a parametric

ICF, such as the normal, to perform better when that distribution c
an be

maintained and the sample size is small.

In this section, we present empirical examples to illustrate t
he

usefulness of the EMGF in cases for which particular distributions ma
y: b

inappropriate. We first reexamine the corn and cotton land allocation problem



described in Collender and Zilberman. Next, a forward contracting problem i
s

used to illustrate the EMGF as applied to 
distributions of different families.

ftt2.- C4A.0 Ccc, tww Cott-6Y) (.14\ ck- Co n LIN
4E-1,u2 I/Yu Si ppL

Collender and Zilberman applied their versi
on of the EU-MGF approach to the

choice of allocating land between cotton 
and corn in the Mississippi Delta.

They demonstrated that the assumption of nor
mality could, under certain levels

of risk aversion, lead to undervaluation o
f land and suboptimization of EU.

In order to compare their results to the 
EMGF approach we solved the same

land allocation problem and tested for th
e statistical difference of the

normal, gamma, and EMGFs at the optimal l
and allocation rule derived from the

nonparametric approach by (17).

-As—fable 1—shows3—the—land-allocation_d
ecision Is the same for both the

nonparametric EMGF approach and the param
etric approan under the gamma

assumption. However, as risk aversion increases, th
e marginal land values and

the certainty equivalents under the non
parametric and gamma assumptions

diverge. These results are consistent with thos
e of Collender and Zilberman

who found that the normal and gamma sol
utions diverged as risk aversion

increased.

The statistical tests of the NUs and de
rivatives can be found in tables 2

and 3, respectivelY. The hypothesis that yields are gamma d
istributed can be

rejected at every level of risk avers
ion. Thus, even though the gamma

assumption yields the same land alloc
ation decision in this instance, it

cannot be used without reservation especially in calculating marginal land

values or certainty equivalents for 
the farming operation for farmers who a

re

more than moderately risk averse.
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Of even more interest in this case are the results with regard to the

normality assumption. The normality assumption cannot be rejected for low

levels of risk aversion. However, as risk aversion increases above 10 2

• the normal MGF becomes significantly different from the EMGF. The tests of

the derivatives of the normal MGF are presented in table 3. These show that

derivatives also cannot be rejected for low to moderate levels of risk

aversion. As risk aversion increases and higher moments become more important

to the decision-maker, normality can be rejected.

These results support Collender and Zilberman s conclusion that normality

.can be an unjustified and potentially damaging assumption for moderately to

strongly risk averse decision-makers. Since absolute risk aversion should be

Aecrea§g,Aalth increases (Arrow and Pratt), we conclude that, for levels

of risk aversion likely to be associated with the wealth levels of American

farmers, the assumption of normality may be adequate. • However, for relatively

poor farmers, such as those in many developing countries, the assumption of

normality could lead to suboptimal decisions. In addition, we conclude that,

while the gamma assumption of crop yield distribution appears to perform

satisfactorily for slight to moderate risk aversion levels it cannot be used

without reservation. The fact that both the gamma and nonparametric

approaches yield corner solutions apparently disguises the fact that the gamma

1distribution does not fit these data.

Aodna, -to &ivy., UtAlcuth,
FafiLivvu.A.4_,

Another important use of the nonparametric approach is in choosing among

options characterized by different distributions or by distributions from

unstable families. TO demonstrate this capability, we determined the optimal



allocation of land to crops under forward contracts for a representative

dryland corn farmer from Cuming County, Nebraska, based on historical yield

and price distributions. We hypothesized a forward contract which offered the

farmer the opportunity to remove price risk from the enrolled portion of his

crop without affecting yield risk. Since revenue is the product of price and

yield, we can assume a priori that the distribution of revenue when price risk

is eliminated will be from a different family of distributions than the

-distribution of revenue when both price and yield risks are present.

.:The data used are a county-level time series of 58 annual observations on

both price and yield of corn from. the Nebraska Agricultural Statistics.

Cuming County was chosen since it is one of the primecorn,Trowing counties in

Nebraska. In order to get a. stationary series, we removed the linear trend in •

_seriesfor randomness -using-runs tests.

and found that the hypothesis that the .series was random could • not be rejected •

.at the ..5 percent level. The price series was deflated by the Consumer Price

Index to get constant prices in terms of 1982 dollars. we then took first

differences to get a stationary process And added back a constant to restore

the series to the 1982 price level.

negative prices we truncated at

Since this process left us with two

zero. Cost data came from the University of

Nebraska Cooperative Extension Service farm budgets (Bitney) for 1979 and were

converted to 1982 dollars.. For the purposes of this study, we assume

county-level data are close enough to farm-level data so that valid farm-level

decisions can be based upon it.

The land allocation problem was solved for two contract prices--one at the

1983 support price for corn of $2.65 and the other at the target price of

$2.86. For purposes of comparison, the problem was solved using both the
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conventional mean-variance approach and the EMGF approach. Results are

presented in tables 4 5, and 6. Table 4 gives the optimal amount of land to

put under contract (of a total of 1,000 acres) the marginal land value, and

the certainty equivalent of one year's production activity for each level of

risk aversion. The results presented in table 4 show considerable differences

between the optimal land allocation under each approach as well as differences

in the certainty equivalents and implicit land values for both contract

prices. It should be noted that the certainty equivalents and shadow land

values presented in table 4 are based on the underlying assumption for each

calculation being true. For example the certainty equivalents under the

mean-variance assumption are the certainty equivalents which would obtain if

the distributions were normal or utility quadratic.

that—the diffezences_presented in_ table 4 indicate a significant

departure of the relevant revenue distributions from normality, the MG? and

.its derivatives were tested by (17) for each level of risk aversion at the

optimal point derived under the nonparametric approadh. Table 5 shows that

the hypothesis that the actual MGF is the normal MGF cannot be rejected at the

low to moderate levels of risk aversion for both contract prices. -

Furthermore as can be seen in table 6, the values of at least one of the

derivatives can be rejected at all levels of risk aversion. Thus, the test

results show that the assumption that both relevant distributions were normal

could be rejected at most levels of risk aversion for both MG? and its

derivatives.

Finally, we performed the ex post test of the relative performance of the

decisions obtained under the mean-variance and nonparametric approaches
. To

do this, we calculated the optimal land allocation for each method at each

level of risk aversion. We then used observed yields to calculate the mean

` 4PE=WMMMMrbWmrlmreftsomRTOqtwrrmmommmwmodrmomgVWAWIWV.m.
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TABLES

Test of Normal Moment Generating Function

aversion
Standard Test 
deviationEMGFa Normal statistic 

Contract price = $2.65 

2.87 x 10-6 0.0097 0.57 0.58 - 1.11

3.21 x 10-6 0.010 0.53 0.54 - 1.25

3.65 x 104 0.011 0.49 0.50 -.1.41

.4.23 x 10-6 0.011 0.44 0.45 - 1.64

5.03 x 10-6 0.011 0.38 0.40' - 1.95

6.20 x 10-6 0.011 0.30 0.33 - 2.40*

8.08 x 10-6 0.011 0.21 0.25 - 3.16*

1.16.x 10-5 0.0085 0.11 0.15 - 4.70*

2.05 x 10-5 0.0037 0.03 0.06 -10.66*

2.87 x 10-6

3.21 x 10-6

3.65 x 10-6

4.23 x 10-6

5.03 x 10-6

6.20 x 10-6

8.08 x 10-6

1.16 x 10-S

2.05 x10 5

Contract price= $2.86

0.010

0.010

0.011

0.011

0.011

0.011

0.010

0.0078

0.0032

0.54

0.51

0.46

0.41

0.35

0.27

0.19

0.10

0.02

0.55 - 0.96

0.52 - 1.07

0.47 - 1.22

0.42 - 1.41

0.37 - 1.67

0.30 - 2.05*

0.22 - 2.69*

0.13 - 3.96*

0.05 - 8.67*

aEmpirical moment generating function.

*Significant at the 5 percent level.

Source: Computed.

• •

•

•
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and variance of utility given each decision rule for the 58 years of data.

Since EU is the mean of the distribution of utility, our estimator of it, U,

is normally distributed by the Central Limit Theorem with variance equal to

the variance of utility divided by the number of observations. .This suggests.

the use of a one-tailed test that the EU of the land allocation from the

mean-variance approach is less than the EU of the land allocation from the

EMGF approach. The test statistic is .

- trEMGFz - 
2
Sur V S

‘jEV 
uEMGF
N

This is the method which Collender • and Zilberman used to test the difference

_ between_ utility_ of the normal and gamma _decision rules.

The optimal allocation of land to the contract altetnative, the associated

(empirical) certainty equivalent, and the test statistic for each level or

risk aversion are presented in table 7. While the nonparametric approach

always yields utility and certainty equivalents which are at least as great as

those obtained via the mean-variance approach the test statistic never

reaches statistical significance even though the land allocation rules differ

markedly. Thus, although our expectation that the EMGF approach would result

in higher utility than the mean-variance approach was borne out the

difference in utility is not great enough to outweigh the uncertainty due to.

lack of knowledge concerning the true parameters of the revenue function.

This lack of statistical significance may be related to the fact that we

are using aggregate yield data. 6pstick and Cochran have found that state-

or even county-level time series are inadequate for risk-efficient decision
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TABLE 7

Ex Post Test of Performance of Mean-Variance andEmpirical Moment Generating Function Decision Criteria

Risk
aversion

Land under contract

2.87 x 10-6

3.21 x 10-6

3.65 x 10-6

4.23 x 10-6

5.03 x 10-6

6.02 x 10-6

8.08 x 10-6

EMGFa Normal
acres

Certainty equivalent 

..EMGFa Normal
dollars 

Contract price: $2.65

z, test
statistic

1,000

1,000

1,000

1,000

1,000

1,000

1,000

453.75

458.42

463.09

467.76

472.43

477.10

481.78

74,784.58

74,448.00

74,017.91

73,449.09

72,661.55

71,499.71

69615_49

1.16 x 10-6

2.05 x 10-5

1,000 • 486.45 66,041.37

1,000 396.24 56,847.55

Contract •rice:

2.87 x 10-6 1,000 1,000.00

3.21 x 10-6 1,000 1,000.00

3.65 x 1076 1,000 1,000.00

4.23 x 10-6 1,000 993.15

5.03 x10 6 1,000 914.33

6.02 x 10-6 1,000 835.50

8.08 x 10-6 1,000 756.67

1.16 x 10-6 1,000 677.85

. 2.05 x 10-5 1,000 544.53

90,187.39

89,794.56

89,292.61

88,628.47

87,708.79

86,351.43

84,149.04

79 972.45

69,272.46

73,678.02

73,191.70

72,574.23

71,764.16

70,653.80

69,037.79

_66,467.94_

61 749.47

44,705.63

2.86

90 187.39

89,794.56-

89,292.61

88,544.20

86,615.40

84,149.09

80,667.68

74,892.04

57,908.28

0.12

0.13

0.15

0.18

0.21

0.26

0.33

0.43

1.30

0.00

0.00

0.00

0.01

0.12

0.24

0.37

0.51

1.11

aEmpirical moment generating function.

Source: Computed.
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making. In particular, they have found that aggregation of cotton yield data

.at the county level for three Arkansas counties tends to average out

individual differences. The usefulness of aggregate county-level data for

farm decision making was also brought into question by Eisgruber and Schuman

who analyzed the relationships between county- and farm-level data for several

crops in central Indiana. One would expect such data to tend toward normality

because of the Central Limit Theorem.

Another factor which affects the significance of the ex post test is the

correlation between the two revenue choices. The correlation coefficient for

. the two revenue series is 0.67. Thus, diversification between these two

choices will not remove the greater part of the risk and has relatively little

impact on EU.

In order to test the effects of the Central Limit Theorem on our results,
_ 

lie-s-oth=crthe- same decision problem using the microleve.1 corn data from the

Mississippi Delta. We found that normality can be rejected for the 1MGF for

both contract prices at all but the lowest levels of risk aversion. Also,

normality can be rejected for at least one of the first-order derivatives of

the MGF at all but one level of risk aversion. However, the ex post test of

performance shows• that the EMGF does not significantly outperform the

mean-variance approach except at the most extreme level of risk aversion

despite wide differences in the land allocation rules. Again, it is possible

that yield risk dominates price risk, leaving the two revenue distributions

highly correlated.

We have shown in this section that the method we propose is a significant

advance for solving EU maximization problems when the distributions from which

the decision-maker must choose are unknown or from different families. For

some cases, it does not lead to statistically significant improvements in the

7.5,21.26 .4riatatedfaing.Z. "`"



ex post certainty equivalent of the corn farming in Nebraska. However,

decision rules differ with the two approaches, suggesting that the EMGF should

. at least be used to test assumptions such as normality.

Summary and Conclusion

In this paper we have extended the application of the EU-MGF approach to

decision making under uncertainty to the case where the nature of the relevant

distributions is unknown or makes parametric computations impossible. To do

have suggested the use of the EMGF and demonstrated that both the

'EMGF and its derivatives are uniformly minimum variance unbiased estimators.

In addition we have proposed a test statistic to verify that a given

empirical distribution fits a particular parametric form.

We have demonstrated the use of the EMGF using the case of the allocation
*

of land between corn and cotton in the Mississippi Delta. Our tests of the

actual MGF and its derivatives support Collender and Zilberman's conclusion
••

that normality can be an unjustified and potentially damaging assumption. In

addition, we conclude that, while the gamma assumption for crop yield

distributions appears to perform satisfactorily for slight to moderate risk

aversion levels, it cannot be used without reservation. Our tests show that

the gamma distribution, as used by Collender and Zilberman, does not fit these

data well.

We have demonstrated a method for allocating land between production under

forward contract and unhedged production for corn farmers of Cuming County,

Nebraska. While tests of the MGF and its derivatives for this case again

allow us to reject normality in all instances, an ex post test of the

performance of the EMGF decision against the mean-variance decision was unable



to reject .the hypothesis that the two decision rules yield the same EU except

for the extreme levels of risk aversion.

Further applications of the EMGF technique will be of interest. Our

results suggest that the technique will be useful for low-income producers,
while the departures from normality do not seem to indicate significant

differences in EU for wealthier farmers. The fact that optimal decisions can
vary substantially, however, suggests that it will be useful in either case to
test the normality assumption using the EMGF approach.



•

1It should be recalled that Day recommended the Pearson Type I or beta,

distribution. Others have suggested the use of the gamma distribution.

Furthermore, the method of moments, on which the approximation of the

parameters is based, is known to have less than optimal properties (Day).

:7)
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