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AN ALTERNATIVE‘APPROACH TO DECISIONS UNDER UNCERTAINTY#
'THE EMPIRICAL MOMENT GENERATING FUNCTION
In their recent article, Collender and Zilberman exteﬁded the use of the.
expected utility (EU)-mdment generating function (MGF) approach to decision
maklng under uncertainty to the case of continuous choice varlables. They
demonstrated that the model has greater flexibility than the mean-variance
- approach since dlstrlbutlons'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 cloged—form MGE.
[:?n the present paper, wé extéhd the EU-MGF framework to a much broader
" class of optimizationbproblems ihcluding multivariate cﬁoice problems when the

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

- — ...-.of . the empirical moment generating function (EMGF). . We require only that the

MGF exist for random variables of interest; it need not be knowni:]

Intfoduction

_ Hammond first suggested the use of the MGF for risk analyéis because of its_'
‘compatibility with the exponential uﬁility function. The exponent1a1 ut111ty
function is a preferred alternative to the quadratic ut111ty function based on
its properties concerning risk aversion; the MGF approach permits nonnormal
probability distributions to be included in the EU maximization problem. |

~ Yassour, Zilbérman, and Rausser épplied the EU-MGF framework to the
discrete-choice p}oblem of whether to adopt a new crop Qariety. They compared
cases in which new varieties’ yields followed normal and gamma distributions.

N 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.
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‘Collender'and Zilberman ektended the model to permit choice among several | R
continuous distributions.: Under their approach, the random variables of
-interest must have known MGFs. They presented the cases of bivariate normal
and blvarlate gamma y1e1d d15tr1but1ons for cotton and corn and examined the
allocatlon of land to those two crops with yield uncertainty for each.

In this ‘paper, we present an exten51on of the EU-MGF framework to the case
of unknown dlstrlbutlons. We present both the stat15t1cal properties and
appllcatlons of the EMGF a nonparametrlc approach to decision making under
uncerta1nty.

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

_ﬁﬁmdlstrlbutlon for returns_cannot.easrly—be-addressedVin‘thé“paraﬁetfic case. -
The EMGF, 51nce it is nonparametric, does not require that the correct family
of d15tr1butlons be selected rather, it can be viewed as an estimator of the .
correct dlstrlbutlon which permlts statistical tests of goodness to-fit of -
various known distributions.

2, Analytlcal Tractablllty The MGF for particular fam111es of

dlstrlbut1ons may not exist in a convenient closed form; the EMGF is extremely
51mp1e. The difference is sllght 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 varlables of 1nterest follow
dlstrlbutlons 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 Properties. The EMGF leads to several attractive

statistical properties such as unbiased estimations of EU. In contrast, Pope _
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and Meyer have shown that unbiased estimates of EU do not follow from uhbiased
estimates of the pafameters of the probabilit& distribution. |

The paper is organized as follows. In the following section, we review
the EU-MGF 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 preperties including unbiasedneSs,

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

asymptotic distribution from whieh confidence intervals can be derived. Next,
empirical applications are presented The first is the case analyzed earlier
by Collender and leberman--allocatlon of land to cotton and corn in the ’
Mississippi Delta.‘ Results with the EMGF approach are cons1stent with. ear11er
wqu.v Second, we apply the nonparametric approach to a forward contract1ng

problem in which a part1c1pat1ng farmer_istgqaganteed 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 nonparametrlc approach produces an unb1ased solutlon :

under the assumptions of the model.

The Expected Ut111ty-Moment Generating Function Model of

‘Optimal Land Allocation Among Crops Under Uncertainty

Consider a farmer who allocates L acres of land among N crops. Let 1, be
the amount of land allocated to crop i; vy, the var1ab1e cost per acre of
the 1th crop; and Yi» the revenue per acre of the ith crop. Assume that the

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

y?, ceey yN) and that the farmer has a negat1ve exponential utility

;- function defined on profits,




v

“where T =3

'(3) | | . -~exp ir I (1 v )l - My(—rll, Tly, ..., -1l

(1) R :'U(n) = -

?=1 li(yi'- Vi) is the farmer's profit.

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

1=1

. ' o N
(2) ‘ ‘ o M),( 1’ tZ’ coey tN) E exp - .X (tiyi)

deflne the MGF of the random vector y (yl, Y2 ..;,.yN) where E is the
expectatlons operator. U51ng (1) and (2), the farmer's chojce problem

involves the selectlon of 11, 12, ceey 1N to maximize

N
i=1 N

sub;ect to

(4a)

and

(4b) o . > for all i.

Let A be the shadow prlce associated with the land constraint (4) and
assume an interior solution. Using the Lagrange mu1t1p11er technique, the
optimization problem has n + 1 first-order conditions. They are equations (4)~

and

N
rzi=l[1.v.]

M.
(5) : . re | 11, M(e) - MC-Y " v;)
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where Mi is the first derivative of the MGF, M(*), 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 A consisting of

(4)Aand

(6) ¥ CoVity "V o fori=2z, N
Collender and Zilberman assumed that returns follow a known probability
“density function with a closed-form MGF. 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 betwéen two uses, only one of which yields réndom returns. They also
presented sblutions for the case of two uncertain proépects; with returns
Adlstrlbuted either bivariate normal or ‘bivariate gamma.‘ While thié approach
is an improvement over mean- variance analy51s, it requires that the MGFs be
vvknown and have‘a closed form which excludes a number of interesting cases.

~The Empirical Moment Generat1ng Functlon
Solution and Its Properties

Tl fSG»{LLia 'tt)f:ﬁkn_ EEK Cﬂamci,(}:h‘t -
o R Do R A S e

The inflexibillty of any particular anaiytical distribution and associated
problems één be circumvented by using a nonparametfic approach based oh the
EMGF. The sample observations are used to estimate the MGF rather than
deriving the MGF from an analytical'distribufionf'_Thisvapproach permits
greater flexibiiity in the type of prbblem which can be examined. For
éxample, Qith the EMGF, it is possible to consider simultaneously a vector of

random variables characterized by different marginal distributions.

v



. An example of such a problem is the case of a multiple-érop enterprise
with yields following different distributions; profits are random with a
distribution depending on these random yields. The mean-?ariance approach
requires that.profits be normal; here, it does not matter.

The EMGF, M(t), is defined by

S - N  tX.
(7) | oM@ =Ee®) =Nt 5 e )
for the univariate éaserr-
’ o f X N Iyt X .
(8) MN(tl, tz, ceey tK) = E <e k=1"k kJ) =N 1 I e k=1 kaJ

for thevk-Qériaté’caée. A sufficient condition for the existence Qf.thé MGF
is that the range of the variable under quéétion be 1imited.‘ This is én.'

intuitively .acceptable condition in the case of economic variables, such as
prices, yields, and costs, since all three are naturally boundéd from below by -

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

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

" bounded as well.

Traditionally, the mean-variance approach involves samp1e~estimates.fof

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
fﬁnction which completely characteriies the éample distribution. This has the
advantage of freeing the approximation of EU from fhe choice of the
appropriate number of moments to consider. |

- The EMGF also completely characterizes the'sample. Unlike-the historgram

approach of the empirical distribution function, the EMGF easily produces



PARERA et oo sl e

. 5fﬂ-,unb1ased estlmators of all orders of moments and of EU as well. To see the
i comparatlve ease with which the EMGF fits into the dec151on problem at hand,
fﬂ_‘we return to the first-order condltlons in (6)

: VThe necessary conditions using the EMGF are

i g da
B L S LS A 5 o 1
R J.l ) xjk e ) . v ‘
(o 2 -y =2 - v k=2, o0y N
R K 1 k ’ > N
j:]_ . j=1

This set of flrst order conditions can be solved using a nonlineatr
opulmlgatlon technlque such as the one prOV1ded by the ZSCNT subroutlne of

IMSL L1brar1es;

‘?rop.uh&o @6 {:l\a,&w-p&ucaﬂ/ Momanck Gwamﬂ

Froncbeovs aand— 1’ ’.De.,r‘lLJa.n,uu)

Quandt and Ramsey used the EMGF to estimate the parameters of a mixture of two
" normal dlstr;butlons. The statistical properties of the EMGF are derived from
the following observation (Quandt and Ramsey, p. 723). Given a random sample,
.'xi?’i =1, 2, eoey N,‘deieiifeﬁdenf and indentically distributed'random e
variables, the quantities e Y are also independent and identically
distributed for a particulaf f. The EMGF isrsimplyAthe mean of these new .
' ;'randem vafiabies, Nt Z§=1 é*ﬁi; Thus, the EMGF is a sample mean

and is an unbiased estimator of the MGF,
E[e].

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

. unbiased estimator of the EU of the decision-maker, in contrast to the
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-solution obtained with sample estimates of population parameters in some
assumed‘anaiytical MGE. 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 minimum variance
unblased estimator of the MGF. The proof of this property follows the
d1scus51onlg1ven by Zacks (pp. 149- 155). An estimator, which is unbiased and
is invariant to the order in-which‘the sample is drawn, is a uniformly minimum
variance unbiased estimator. That the EMGF is invariant to permutétions of
Q?i sample order is stra1ghtforward by inspection; the sample mean of the

e ! is invariant to the ordering of the X; -

It is not enough that the EMGFV1s a uniformly minimum variance unbiased

estimator ofhthe MGF since the land allocation rule relies critically on the

—f:ai:aéfivéfivéSuof~the—MGF;a}50%~—$he¥e£Q¥€7=it;iSmnecessaryftO—Showmthat the.

derivatives of the EMGF are desirable-estimators of the derivatives of the MGF
as well.
To show unbiasedness of the derivatives of the EMGF, recall that the EMfo'

is unbiased: - L ' : |
: o tx
(10) - M (t)
Taking the partial derivative of each side of (10) with respect to t yields

‘ tx
an T [ -W(ti\ -3 (0

The expectation in (11) can be rewritten as

_ N t :
_(12) | ' 3t Iy - Mx(t f(x) dx

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

. L]

0.

i

0.

integration and differentiation can be interchanged. Thus,



.;‘ "f'} Sl ey - - v';g- o |
: ) . 8 Sans s | t%5 : I _
(132) 3 - ‘rx'ﬁ"f e - Mx(t) f(x) dx =
or equivalently | ' :
(130) | - Blae Mk(t) £6x) dx

~Taking derxvatlves and expectatlons yields
. . = M
an. o Elxe ) M(t).

Thus, the firét derivative is also unbiased and
- R S -1 N tx; _
(15) . CE|NT I x;e = MI(t).
_ R | 1—1 .

e “*“s~~—81nce.we.haxe~an unbiased est1mator which is 1nvarlant to the order1no of the_

observations, our estlmator of the der1vat1ves of the MGF is also a unlformly
minimum variance unbiased est1mator. Also, note that this estimator is
asymptot1cally normal by the Central Limit Theorem.

Cons1stency can be shown u51ng the Strong Law of Large Numbers as long és

‘a finite varlance is assumed, i.e.,
(16) | o V(xe™) < =.

A finite véfiance of the estimator of theiderivatives is assﬁred by our
"assumption that the variables of interest have a bounded range. In fact, all
mohents exist. Théée results can be shown for all ordérs of deriﬁatives which
are continuous. | . | “ | _

Finally, given that our estimatorvof fhe EMGF is normally distributed by

the Central Limit Theorem, it can be shown that the statistic
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17)

converges in distribution to a standard normal where V[My(t)] is estimated by
T | e . ,

(18) ViM(t)] = (N - 1) e - N
A 51m11ar statlstlc can be used to test the derivatives as well.
‘These propert1es of the EMGF can be extended to the multivariate case. To
do so requ1res that the assumptlon of f1n1te range can be extended to each

element of the random‘vector of interest.

Emp1r1ca1 Appllcatlon of Land Allocatlon Rules
Based on the Empirical Moment Generatlng Function

In the prev1ous sectlon, we presented the properties of the EMGF which
‘correspond to the well-khown properties of the sample mean as an estimator of"
the populatlon mean. The EMGF approach was argued to be far more flexible

han the parametr1c 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 MGF for the random vector of interest
cannot be spec1f1ed or when there is 1nsuff1c1ent prior information to select
a parametric family of dlstrlbutlons. It is reasonable to expect a parametrlc
MGF, such as the normal to perform better when that d1str1but10n can be
maintained and the sample size is small.

In this section, we present empiricai examples to illustrate the

"usefﬁlness of the EMGF in cases for.which particular distributions may. be

inappropriate. We first reexamine the corn and cotton land allocation problem
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descrlbed 1n Collender and Zilberman. Next, avforward:contracting problem is

used to 111ustrate the EMGF as applled to d15tr1but1ons of . dlfferent families.

The (lexalCJQ,'E§u£13434LQ,r\ (lcitiisvn cxx\ck_Ckrlrw A/Y\
Yo MNisSissippt el |

Collender and Zilberman app11ed their version of the EU-MGF approach to the
ch01ce of allocat1ng land between cotton and corn in the Mississippi Delta.
~ They demonstrated that the assumptlon of normal1ty could, under certain levels
, of rlsk aver51on, lead to undervaluat1on of 1and and suboptlmlzatlon of EU.
In order to compare thelr results to the EMGF approach we solved the same
land allocat1on problem and tested for the statlstlcal difference of the
normai; éamma, and EMGFS at the optimal land allocatlon rule derived from the
‘nonparametric approach by (17). e e _
mFx;t;"AE“fabIé“T‘shows—-the—}and‘allecatLon_de5151on is the same for‘both the
nonparametrlc EMGP approach and the parametrlc approach under the gamma
- -assumption. - However, as risk avers1on increases, the marginal 1land values and
the certalnty equ1va1ents under the nonparametrlc and gamma assumptlons
diverge. These results are con51stent with those of Collender and Zilberman
‘mho found ‘that the normal and gamma solutlons dlverged as risk aversion
. increased. | ‘ | B | . o
The statistical tests of the MGFs and derivativesvcan be found in tabies 2
"and 3, respectively. The hypothesis that yields are gamma distributed can be
‘.rejected at every level of risk aversion. Thus, even though the gamma
| assumption yields the same 1and allocation decision in this instance, it
cannot be used without resermation, especially in calculating marginal land
.values or certainty eduivalents'for the farming operation for farmers who are

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

) - . ) - 7. —S :
levels of risk aversion. However, as risk aversion increases above 10 ~,

, 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

g can.ﬁe én unjustified éhd potentially damaging assumption forhmoderately to

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

...-decreasing. as wealth increases (Arrow and Pratt), we.conclude that, for levels

of risk aversion likely to be associated with the wealth levels of American -
farmefs, the assumption of normality may be adéquate. 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

distribution does not fit these data.l

ot OULLocation fﬁﬁamdfto&rw\ Unclh Smuoad-

CO’Y\:('/\Q’L[I/Jb»r)'uﬂ OwFZU\/W\M.Q/
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

N e e T PR LN A ST T P AR T o PR T T T 3



'allocatlon of land to crops under forward contracts for a representat1ve

dryland corn farmer from Cum1ng County, Nebraska, based on historical yield

and pr1ce dlstrlbutlons. We hypothe51zed a forward contract which offered the

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

crop w1thout affectlng yield r1sk Since revenue is the product'of price and

yleld we can assume a priori that the dxstrlbutlon of revenue when price risk

‘is e11m1nated w111 be from a dlfferent fam11y of d15tr1but1ons than the

‘}"_: dlstrlbutlon of revenue ‘vhen both prlce and y1e1d risks are present

The data used are a county-level t1me series of 58 annual observations on

"both pr1ce and yleld of corn from.the Nebraska Agricultural Statlstlcs.

Cuming County was chosen since it is one of the prime corn-growing counties in

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

---corn-yields...We tested the resulting series-for randomness using-runs tests

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

at the 5 percent level. ThevpriCe 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
thevSeries to the 1982 price level. Since this process left us with two
neoatlve pr1ces we truncated at zero. Cost data came from the University of

Nebraska Cooperatlve Exten51on Serv1ce farm budgets- (B1tney) 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 andvthe 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 marg1na1 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 landlvalues‘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-varlance assumption are the certainty equivalents which would obtain if

the distributions were normal or ut111ty quadrat1c.

soszn=TO- verlfyhthat_the_di££erences_presented in_table 4 1nd1cate a. 51gn1f1cant

.departure of the relevant revenue d1str1but10ns from normality, the MGF and
its derivatives were tested by (17) for each level of risk aversion at the
opt1ma1 point derived under the nonparametric approach Table 5 shows that ‘jf
the hypothe51s that the actual MGF is the normal MGF cannot be reJected at the
low to moderate levels of risk aversion for both contract pr1ces.~
Purthermore, as can be seen in table 6, the values of at least one of the _
derivatives can be rejected at all levels of risk aver51on. Thus, the test 4H
results show that the assumption that both relevant distributions were normal
' could be rejected at most levels of risk aversion for both MGF and its |
derivatives.

Finally, we performed the ex post test of the relative performance of the
decisions obtained under the mean;varianceband 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
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 TABLE 5
Tést»of Normal Moﬁeht Genéraﬁing’FunEtion
Risk Standard - ‘ Test
aversion deviation EMGF? Normal statistic
{., Contract price = $2.65
2.87x106 - 0.0097 0.57 0.5  --1.11
3.21x106  0.010 o053 o054 - 125
3.65x106 0011 0.49 0.50 1.4
“‘; ¢4.23 x106 001 0.4 045 - L6
Cs.03x106 ool 0.3 040 - 1.95
6.20x106 001 030 0.33 - 2.40%
g08x106 0.0l 0.2 025 - 3.16%
1.16x 105 0.0085 0.11 0.15 - 4.70%
... 20sx10% 0003 005  0.06 -10.66%
Contract é;i;e:= $2.86:
'~ 2.87 x 1076 . 0.000 T 0.54 0.55 - 0.96
S os21x106 0010 0.s1 0.5 =07
. 3.65x 1006 0.011  0.46 o047 -2
4.23 x 10°6 0.011 0.41 042 . -1
5.03 x 1076 - 0.011 '._  ‘ 0,35‘ 037 . - 167
© 6.20 x 1076 | 0.1 027 0.30 2055
.08 x 106 0.010 0.19 0.22 - 2.69%
1.6 x 105 0.0078 ©0.10 0.13 - - 3.96%
2.05x105 . 0.0032 0.02 0.05 - 8.67%
. .aEmpiriCal moment generating.fuhction.
| *Significant at the 5 percent level.
v Sourcé: Computed.
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"f; and varlance of ut111ty glven each dec151on rule for the 58 years of data.

_‘_éxbetween utility of the normal and gamma decision rules.

-' Slnce EU 1s the mean of the d15tr1but1on of ut111ty, our estlmator of it, T,

1s normally d1str1buted by the Central Limit Theorem with variance equal to

~ the variance of utility divided by the number of observatlons.A This suggests_l
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 1and allocation from the

EMGP_approach. lhe'test statistic is . i

v ;

o _
A EESEPREN R Sﬁt/ 56
EV + EMGF

N N

This:is‘the method which Collender-and Zilberman used to test the difference

- The optimal allocat1on of land to the contract alternatlve, the associated
(emp1r1cal) certalnty equivalent, and the test stat15t1c for each level or
rlsk aversion are presented in table 7. Wh11e the nonparametric approach
‘_ always yields ut111ty and certa1nty equ1va1ents which are at least as great as
those obtained via the mean-variance approach the test’ statlstlc never
reaches stat1st1ca1 s1gn1f1cance even though the land allocatlon 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
d1fference in utility is not great enough to outwe1gh the uncerta1nty due to
lack of knowledge concernlng the true parameters of the revenue function.

This lack of statistical 51gnlf1cance may be related to the fact that we
are using aggregate yield data. Capstick ana Cochran have found that state-

#

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




‘Empirical Moment Generating Function Decision Criteria

.:: .v-zz-

"TABLE 7

'Ex Post Test of Performance of Méan—Varianceband :

Land under ¢

ontract

1,000

169,272.46

Risg | g Certaigty equivalent — 2, fes?
aversion EMGF Normal . EMGF Normmal statistic
' _acres dollars
' Contract price: $2.65
2.87 x 106 1,000 453.75 "74,784.58 73,678.02  0.12
3.21 x 106 1,000  1458.42 74,448.00  73,191.70 0.13
3.65 x 106 | 11,000 463.09 74,017.91  72,574.23 0.15
 4.23 x 1076 1,000 467.76 73,449.09  71,764.16 0.18
5.03 x 1006 1,000 472.43 72,661.55  70,653.80 0.21
6.02 x 10-6 1,oob 477.10  71,499.71  69,037.79 0.26
8.08 x 1076 ;,ooo 48178 69,615.19 766,467.94%,.t;0.33§,
"71.16 x 106 1,000 486.45  66,001.37  61,749.47  0.43
2.05 x 105 1,000 396.24  56,847.55 44,705.63 1.30
' Contract pfice: $2.86
2.87 x 10-6 1,000 1,000.00 90,187.39  90,187.39 0.00
3.21 x 106 1,000 1,000.00  89,794.56  89,794.56-  0.00
3.65 x 1076 1,000 1,000.00 89,292. 61 89,292.61  0.00
4.23 x 1076 1,000 993.15 88;628.47 188,544.20 0.01
5.03 x‘iO‘6, | 1,000 914.33  87,708.79  86,615.40 0.12
16.02 x 106 1,000  835.50 86,351.43  84,149.09 0.24
8.08 x 10-6 1,000 756.67 84,149.04  80,667.68 0.37
1.16 x 10-6_' 1,000 677.85 .79;972.45 74,892.04 0.51
. 2.05 x 10-5 544.53 57,908.28  1.11 .

2Empirical moment generating function.

- Source: Computed.
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lt'making.h ln particular, they have found that aggregation of cotton yield data

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

B 1nd1v1dua1 dlfferences. The usefulness of aggregate county 1evel data for

'h.farm decision mak1ng was also brought 1nto questlon by Eisgruber and Schuman

| who analyzed the relationships between county- and farm-level data for. several
j_crops‘in central Indiana. One would expect such data to tend toward normality
-!_'because of the Central Limit Theorem. |

Another factor which affects the 51gn1f1cance of the ex post test 1s the

°"correlat10n between the two revenue choices. The correlation coefficient for

- the two revenue series is 0.67. Thus, diver51f1cation between these two
ch01ces w111 not remove the greater part of the r1sk and has relatively little

* impact on EU

In order to test the effects of the Central L1m1t Theorem on our results,

e solved‘the same dec151on problem u51ng the microlevel corn data From the

-Mlssi551pp1 Delta. We found that normality can be reJected for the MGF for
both’contract prices at a11 but the lowest levels of risk aversion. Also,
normality can be rejected for at least one of the first—order-deriyatives ofir
the MGF at allbbut one level of risk aversion. However, the ex post test of
performance shows that the EMGF does not 51gn1f1cantly outperform the
mean-variance approach except at the most extreme level of risk aversion
'desplte wide dlfferences in the land allocation rules. Again, it is p0551b1e
that y1eld risk dominates price risk, leaving the two revenue distributions
highly correlated. o

We have shown in this section that the method we propose is a significant
advance for solving EU maximization prohlems uhen 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




“24-

. ex post certalnty equlvalent of the corn farmlng in Nebraska. However,
ideC151on rules dlffer with the two approaches, suggest1ng that the EMGF should

ﬁat least be used to test assumptlons such as normallty.

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

: dec151on making under uncertalnty to the case where the nature of the relevant.

'35"5:d15tr1but10ns 1s unknown or makes parametrlc computatlons 1mp0551b1e. To do

”“'{k thlS, we have suggested the use of the EMGF and demonstrated that both the

. BMGF and 1ts derlvatlves are unlformly m1n1mum varlance unbiased estimators.

In addltlon, we have proposed a test statlstlc to verify that a given
empirical dlstrlbut1on‘fits a particular parametric form.

we have demonstrated the use of the EMGF u51ng the case of the allocatlon ,

"of land between corn and cotton in the M1$515$1pp1 Delta. Our tests of the |

‘actual MGF and its derivatives support Collender and Zilberman's conclusion
that norma11ty can be an unJust1f1ed and potentlally damaging assumption. In '
addltlon, we conclude that, wh11e the gamma assumption for crop yield .
distributions appears to perform sat;sfactorlly for slight to moderate risk
aversion levels, it .cannot be used'withnut reservation. Our tests show that
the gamma distribution, as used by Collender and Zilberman{ does nut fit these
data well. | |

We have denonstrated a method for alldcating land between production under
forward contract and unhedged preduction 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
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: to reJect the hypothe51s that the two dec151on rules y1e1d the same EU except

o f-for the extreme levels of risk aver51on.

Further appllcatlons of the EMGF technique will be of 1nterest. Our

results suggest that the technique will be useful for low-income producers,'

wh11e the departures from normallty do not seem to indicate significant
differences in EU for wealthler farmers. The fact that optimal decisions can
vary substantlally, however, suggests that it will be useful in either case to

test the normallty assumpt1on us1ng the EMGF approach




" Footnotes

lIt should be recalled that Day recommended the Pearson Type Ior beta.

' dlstrlbutlon. Others have suggested the use of the gamma dlstr1but10n.
Furthermore, the method of moments, on which the appro¥1mat10n of the

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