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Agricultural production involves an array of risket influence the variability of profits
derived from crop and livestock enterprises. Bahse of crop production, these risks
are usually segmented into those that pertaindp gields and crop prices. Other
sources of risk include input prices, liabilityugs, and unanticipated changes in the
value of fixed assets.

An extensive literature has examined models dtlyaed price risk for crops.
Much of this literature has been motivated by thistence of federally-subsidized crop
insurance programs. Crop insurance programs, wiaghindemnities to participating
producers when yields are low, have been an impop@t of U.S. agricultural policy
since the 1930s. The accurate pricing of a crepramce contract requires a thorough
comprehension of the risks underlying the indemabif event—crop yield shortfalls.
The measurement of such risks has stimulated @adky of empirical research. Issues
of particular interest have included the appropregiproach to model negative skewness
and other characteristics of crop yields; the toffidebetween parametric and
nonparametric distribution measures; the importarigeverse correlation between
prices and yields; and the systemic nature of asks. This literature is summarized in
a recent survey by Goodwin and Ker (2002).

In light of the fact that, until recently, agritual insurance in the United States
has been confined to the coverage of crop yieldrisearly all of the existing empirical
research on modeling “yield” risk has applied tops. However, the 2000 Agricultural
Risk Protection Act mandated development of newrigusce products, including
coverage for livestock. This impetus has heighdeghe importance of empirical research

that addresses models of livestock yield risk.date, the risk management instruments



that have resulted from this legislation have fecusn price risk and have largely
ignored risks associated with cattle yields.

There are several measures of cattle yield tlea&aalogous to the typical crop
yield per acre that is usually studied in empiriedearch. One such measure is dry
matter feed conversion, which is the amount of feeedded per pound of weight gain.
Other information, such as mortality losses andctists associated with veterinary
medical services, measure the overall health ofdbder cattle and essentially provide
inverse measures of yield. Empirical analysishefe yield factors as well as feed costs
and fed cattle prices will allow for a better uretanding of how each of these factors
contribute to the overall distribution of profit®m cattle feeding.

The objective of this paper is to provide a dethihssessment of the yield risks
associated with fed cattle production. The analigsmotivated by a larger project that
considers models of thex-ante risks associated with cattle feedingx-ante risks refer
to measures that allow a conditional predictiothefrisks associated with yield
outcomes at some time in the future. In this cdntn important distinction is made
between observable, conditioning factors that elevant to risk at the time the values of
decision variables are assigned and other fadtatsépresent unforecastable
components of risk. A straightforward example @fditioning factors is obvious in the
case of crop yields—where yield models typicallpdition out the effects of long-run
yield trends but not the effects of weather shoaltsch cannot be forecast at the time
that planting decisions are made. In the casedtéttle, conditioning factors include
those variables that can be chosen at the time#tidé¢ placement decisions are made.

The goal of this research is to construct a motlelverall fed cattle profit risks, which



allows one to provide conditional forecasts of etpd profits and other random
variables, and to assign a measure of variabdityhése random outcomes. Within this
framework, a number of conditioning factors aresidered as well as several random
factors which influence profitability.

In the study, models are estimated for the yigidables that provide probabilistic
measures of the distributional properties of yred#ét. The models allow for certain
variables that can be controlled by cattle feedach as the date of placement on feed,
cattle gender, average placement weight, and fekxiation. By accounting for these
deterministic factors, estimates of the conditianabn and variance of each variable are
computed to describe the risk of cattle yieldsisThformation, as well as estimates of
feed costs and fed cattle prices will provide thei for estimatingx-ante profits from
cattle feeding. Estimates of expected profits thedfactors that affect them will be
useful for deriving estimates of the premiums farious livestock revenue insurance

contracts which incorporate risks from input antpotiprices as well as yields.

Literature Review

Cattle yield or feeding performance has been cemsdlin several empirical studies that
focused on cattle feeding profitability risk. CQatteeding profits are affected by fed and
feeder cattle prices, feed grain prices, and yiéld.a result, many studies have focused
on estimating the individual effects of these fagton profits. Schroeder et al. (1993)
evaluated data on over 6,600 pens of steers franKiansas feedlots and found that 70
to 80 percent of profit variability is explained f®8d and feeder cattle prices combined

and that corn prices explained 6 to 16 percentdfitpsariability. The impact of cattle



performance, measured as feed efficiency and agetaity gain, accounted for less than
10 percent, combined.

Langemeier, Schroeder, and Mintert (1992) foundlamnesults using Kansas
feedlot data on 3,300 pens of steers and heifEngir results indicated that fed and
feeder cattle prices accounted for 50 and 25 peafarariability in cattle feeding profits,
respectively, while corn prices explained up tq2gcent of the variability. Feed
conversion and average daily gain were not as itapbin explaining profit variability.
These variables explained from less than one petoeh5 percent of the variability in
profits, depending on the placement weight of #wtle. However, differences in feed
conversion were found to explain up to 22 percémhe difference between steer and
heifer profits over time.

Following these studies, Lawrence, Wang, and U®p9) used data from over
200 feedlots in five Midwestern states to deternifimifferences in climatic conditions
represented by data from a wider geographic areddwesult in cattle performance
having a larger impact on profit variability. Ananperformance explained more of the
variability in profits than the studies using Kasigeedlot data, but fed and feeder cattle
prices still accounted for 70 percent of variapilit all but one of the groups considered.

Mark, Schroeder, and Jones (2000) updated prevesearch by using a larger
dataset consisting of over 14,000 pens from twosdarieedlots. The study identified
the relative importance of the variables used epgfevious studies and also looked at the
differences in these factors across pens of oaitlevarying sex, placement month, and
placement weight. The results of this study warelar to previous work in that both

feeder and fed cattle prices are the largest dantrs to profit variability. Other



findings of the study included differences in teative explanatory power of the prices
and performance characteristics, depending on plasemonth.

The existing literature on crop yields providassaful guide to modeling cattle
yields in the context of profit variability. Theajority of crop yield studies have
estimated the conditional mean yield density iretiart to evaluate the risks involved in
crop farming and to accurately price crop insurasad@racts. The first models employed
to characterize mean yield distributions were pataicn Just and Weninger (1999)
argued that characterizing crop yields with a ndmgtribution is not an unreasonable
assumption, given their inability to reject normaliHowever, as discussed by Ker and
Coble (2003), yield data tend to be insufficienstatistically invalidate almost all
reasonable parametric modélétwood, Shaik, and Watts (2003) reiterated the
importance of not overlooking the normal distrilbatiand argued in favor of proceeding
with caution when dealing with heteroskedastic rstro

Other authors have explored the use of the Betahlifon as an alternative to
the normal distribution (Nelson and Preckel 1988isin 1990; Coble et al. 1996). The
Beta distribution allows for skewness and kurtosisich is often found in crop yield
data. Ker and Coble (2003) used lllinois corn datshow that, while the Beta is
superior to the normal in small sample sizes, fh@site is true in larger sample sizes
(i.e., greater than 25 observations). Ramirezr&liand Field (2003) found that corn and
soybean yields are non-normally distributed andatiegly skewed. Sherrick et al.
(2004) used goodness-of-fit measures to test theogic differences between assuming
different distributions. Their results indicat@atmormal and log-normal distributions fail

to describe the sample data as well as the morbligedistributions such as the Beta and



Weibull. Gallagher (1987) used a gamma distributincharacterize the highly skewed
nature of crop yields, using a capacity functiorlltstrate positive skewness.

In addition to parametric characterizations, noapeetric, semi-parametric, and
Bayesian estimation techniques have been emplayeddscribe yield variation. These
techniques are summarized in Goodwin and Ker (2@62yell as Ker and Goodwin
(2000). Parametric methods impose a functionahfon the yields that may cause biases
if the restrictions do not fit the true mean densiowever, with sufficient datasets,
semi-parametric and nonparametric methods may be afbicient estimators as they
allow the data to determine the most appropriag&idution with few or no restrictions

imposed.

Modeling Cattle Yield
While several studies have included feed conversiaverage daily gain within the
profit variability model, health measures like nadity losses and veterinary costs have
not been explicitly considered. Cattle yields bardescribed by dry matter feed
conversion (DMFC), which is a ratio indicating @m@ount of feed required for one
pound of weight gain. In this study, the overaahh of a given pen of cattle is
measured as veterinary costs per head of cattiéhenahortality rate of each pen. Each
of these variables describes different aspecty@fatl cattle yield and therefore the risk
for cattle feeding associated with yield.

To estimate the density associated with variouasmes of cattle yields, models
for each measure must be specified to accounh&deéterministic factors (decision

variables) involved in cattle feeding. The undegymotivation of these models is to



derive probabilistic measures of the distributiopraperties of yield factors. The first
step of the analysis involves the identificatiommelevant conditioning variables that may
be associated with risks of cattle yield but are diterministic nature. It is important
that these conditioning variables be observabteeatime an insurance contract or other
risk management instrument is offered (i.e., prooplacement). Conditioning variables
such as seasonal effects, pen characteristicdeadtbt-specific fixed effects are
included in our empirical models for DMFC, mortglrate, and veterinary costs.
Seasonal effects, measured as the date the catieplaced on feed, account for some of
the risks associated with seasonal weather and etiveonmental factors. Cattle
characteristics, such as gender and average platemeght, also represent important
conditioning factors that may be relevant to défeses in yield for various pens of cattle.
Feedlot-specific characteristics may affect rigiotigh differences in geographic
location, feedlot management practices, or the@radance of certain breeds of cattle
being fed at different locations. Using measufgb@se conditioning variables, the
general forms of each model for yield factors grectied as

(2) DMFC = f(gender, location, in-weight, season)

(2) MORT = f(gender, location, in-weight, season)

3) VCPH = f(gender, location, in-weight, season)

whereDMFC is dry matter feed conversioMORT is mortality rate, an®CPH is
veterinary cost per head. The conditioning vadaalh each model argender, a binary
variable for steers, heifers, or mixed skacation, a binary variable for feedlot location;
in-weight, the average placement weight; a@sason, a binary variable determined by the

placement month.



We hypothesize that these conditioning factors miyence mean yields as well
as the conditional variability associated with egiglid measure. Thus, each regression
for DMFC, MORT, andVCPH was estimated using Harvey’'s multiplicative
heteroskedasticity model (Harvey, 1976). Harveyslel offers consistent estimates of
the parameters with error terms that take into aectthe correlation with conditioning
variables. While the disturbances may not be irddpnt of conditioning variables, they

are believed to be independently and identicakyrdiuted. The model is specified as
(4) Y =X B+g
wherex; is the vector of pen-level conditioning variablesla ~ N(0,07). Specifically,

X, contains all the individual characteristics useéxplain the risk associated with each

dependent variablgénder, location, in-weight, season). The conditional variance is

unique for each observation and is estimated as
(5) o’=0’ exp(xi'a)

wherea contains estimates for each explanatory varialdewreigh each characteristic
by its effect on the individual variance term. Naxm Likelihood estimation is used to
estimate this model by specifying the followingidgelihood function for the normal

distribution

n 18 , 1 &
(6) logL=—log2mr-= [Iog %) +x, a}+— of—— .
2 2,21: ( ) 2; expl a)

Note that the variance is no longer assumed tahstant across observations, but rather

depends on the explanatory variables,



From equations 4 and 5, the expected conditiom@mand conditional variance
of each yield variable can be calculated at eacleation. These values provide a
description of the risk associated with each véeiédced by cattle feeders at the time
cattle are placed on feed. These values can sudsty be incorporated into an estimate
of ex-ante expected profits, which is also dependent on eggemeans and expected
variances for feed costs and fed cattle pricess pitovides not only an estimate of the
overall expected variability in profits prior togging cattle on feed, but also the impact

of individual factors such as prices and yield gpezted profits and profit variability.

Data

The empirical analysis is applied to a comprehenset of data collected from five cattle
feedlots located in Kansas and Nebraska. Propyiptaduction and cost data were
obtained for 11,397 pens of cattle from 1995 to£200able 1 contains the summary
statistics from the data sample. Dry Matter Feedwersion DMFC) measures the
pounds of dry feed required per pound of live weggin and the averadg@FC is
calculated by dividing total dry feed used by tat@ight gained in the pen during the
feeding cycle. Veterinary costs per hed@PH) are calculated by dividing the total
dollar amount spent on veterinary services by gregize. Mortality rateMORT) is a
percentage calculated as the number of death |dssigg) the feeding period divided by
the number of head initially placed on feed. Tize f a pen of cattle averaged 134
head with an average placement weight of 737.5 ¢@and an average finished weight
of 1,178 poundsIn-Weight is measured as the average weight per head inpesichpon

placement on feet.The log ofin-Weight is used in each of the three models. To capture
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seasonal effects, placement dates are measurephisary variables denotinginter,
Spring, Summer, andFall placement. Binary variables are also used to differentiaesp

by gender $teers, Heifers, Mixed) and feedlot locationKS andNE).

Estimation Results

Dry Matter Feed Conversion Model

Table 2 shows the conditional mean Maximum Liketiti@stimation (MLE) results of
Harvey’'s Model for equation 1. The use of MLE tntain parameter estimates for
DMFC requires the assumption of a parametric distrdoutor the error terms. After
conditioning out the deterministic factoBi-MC appears to be most closely
characterized with a log-normal distribution. Tisiseflected in a substantial degree of
positive skewness in the distribution of residdedsn an initial regression dFMC on
the conditioning variables. Therefore, a normallhood function is used, where the
dependent variable is the logDMFC.

The signs of the coefficients f&teers andMixed pens indicate that heifers have
higherDMFC rates than the other two types of pens. Thisestgghat pens of all
heifers are less efficient at feed conversion di/éran either pens of steers or pens with
a combination of both sexes.

Parameter estimates for tK& binary variable indicate th&FMC is
significantly lower for the two Kansas feedlotdateve to the Nebraska feedlots. This
difference in feed efficiency may be a result dfetences in management practices
between the two states. For example, Nebraskaipens sample typically have lower

placement weights and higher fed weights, resultiren additional 25 days on feed.
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Mean differences in conditioning variables betwdentwo states are summarized in
table 3.

The coefficient for the log dih-Weight (Inwtlog) is positive, indicating that
higher placement weights decrease feed efficieney (equire higher feed conversion
rates). Specifically, a 10% increase in avelagé/eight, will correlate with a 1.9%
increase iMDMFC. This finding is supported by previous literat(&hroeder, et al.
1993; Mark, Schroeder, and Jones 2000), which sigdgeat heavier placement weight
cattle have a higher DMFC rate (i.e., they are é&sient at feed conversion) than
lighter placement weight cattle.

According to Mark and Schroeder (2002), optimatlegperformance typically
occurs within a temperature range of 40 to 60 deggF@hrenheit. Temperatures outside
of this range reduce cattle feeding performangeecHcally, higher temperatures lead to
declined weight gain from lower feed consumptiohijlevcolder temperatures increase
maintenance energy, leading to higher conversitasrancreased variability in weather
and precipitation can also reduce performance. Sihener binary variable was omitted
from the model, therefore the signs of the othessral variables are interpreted relative
to a summer placement. The coefficient\nter is not significantly different from
Summer. Since both months are outside of the range vingph feeding, cattle may
perform just as well in the hot summer as in thd@owinter, although for different
reasons.Spring, which has average monthly temperatures well withe range of
optimal feeding, has a significant negative coedfit. This implies that if a cattle feeder
is given the choice between starting a pen ofeaitthe spring as opposed to summer, it

is possible to decrease DMFC by placing them od fe¢he spring. Pens in this data set
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averaged nearly 129 days on feed, implying thattmlservations straddle two different
seasons. The parameter estimatd=&dt is significantly positive, meaning cattle entering
during fall are the less efficient at feed convamsi However, th&all binaryvariable
includes fall and winter months, during which erteetemperature and precipitation
conditions can occur in both Kansas and Nebra3kas may caus®MFC to be higher
than in any other season.

Table 2 also includes the conditional variance Megilts foDMFC. Equation
5 describes the linear equation used to estimatethariances by observation. The
heteroskedasticity parameter estimates offer insigh how the conditioning variables
affect the conditional variancénwtlog has a significant positive correlation with higher
variance irDMFC. Mixed pens present the highest variance by genderwetidoy
HelfersandSeers. There is not a significant difference betw&dénter andSummer,
while Fall andSpring both present significant differences in individuatiability when
compared t@&ummer.
Mortality Rate Model
Table 4 contains the conditional mean MLE resutstie model described in equation 2,
where mortality rateM/ORT) is the dependent variable. The coefficientsYeers and
Mixed indicate that both types of pens have higher mtytates, relative to pens
consisting of heifers only. The coefficient & indicates that there is not a statistically
significant difference in mortality rates betweeartsas and Nebraska feedlots. The
negative coefficient folmwtlog suggests that higher placement weight cattle leawver
mortality rates than lower placement weight catilé¢hile the coefficient foMinter is

not statistically different from the base seasoBupfimer, the coefficients foFall and

13



Soring indicate that mortality rates are higher for fddcement cattle and lower for
spring placement cattle, as compared a summerrpladedate.

The conditional variance ®ORT is described by the heteroskedasticity
parameters listed in Table 4. All the conditionuagiables in the model have a
statistically significant effect on the conditionariance of mortality rate. Pens
consisting of steers only have a negative impadherconditional variance of mortality
rate, while pens of mixed gender have a higher itlondl variance when compared to
pens of heifers only. The coefficient i86indicates that the conditional variance of
mortality rate is higher for Kansas feedlots, gato Nebraska feedlots. The
conditional variance of mortality rate is lower fugher placement weight cattle, as
indicated by the negative coefficient iomtlog. The seasonal variables indicate a lower
conditional variance for winter and spring placetreard a higher variance of mortality
rate for fall placement, as compared to summereptent.

Veterinary Costs Model

Table 5 shows MLE results for the conditional meaydel described by equation 3,
where the dependent variable is veterinary costegad of cattle\(CPH). As with the
DFMC model,VCPH appears to be most closely characterized witlgantwrmal
distribution. Therefore, the model is estimateithgishe log ofVCPH as the dependent
variable.

The coefficients foBteers andMixed indicate thavCPH are higher for these
pens, as compared to pens of heif&/€PH is a proxy for the general health of a pen of
cattle. Therefore, higher veterinary costs ingiqadorer overall health of pens of steers

and mixed gender when compared to pens of heifers.
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Feedlots in Kansas appear to have loM@€PH, as compared to Nebraska
feedlots. Lower spending on veterinary serviceashpad may be due to differences in
management practices or a higher average of dafeednn Nebraska feedlots. The sign
of the coefficient fotnwtlog indicates that higher placement weight cattle apfeehave
lower VCPH. Since both/CPH andMORT essentially provide an inverse measure of
yield, this result is consistent with the result$he mortality rate model where higher
placement weight cattle have fewer health probldras lower placement weight cattle.

The coefficients of seasonal binary variables/fomter andSpring indicate lower
VCPH, as compared to summer placement dates. Theaaeefffor Fall was not
statistically different fronSummer.

The heteroskedasticity parameters listed in Talalescribe the conditional
variance ofVCPH. All the conditioning variables in the model hadtatistically
significant effect on the conditional varianceufPH. Pens consisting of steers only
and mixed gender both have a negative impact ondhéditional variance o¥CPH, as
compared to pens of heifers only. The coefficfenKS indicates that the conditional
variance olVCPH is higher for Kansas feedlots, relative to Nebaagledlots. Similar to
the results for mortality rate, the conditionaligace ofVCPH is lower for higher
placement weight cattle, as indicated by the negatbefficient fodnwtlog. The
seasonal variables indicate a higher conditionadmae for all placement dates, relative

to summer placement.
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Profitability of Cattle Feeding

The conditional expected mean and variance of ehtie yield factors describes the
volatility of DMFC, mortality rate, and veterinacgsts after accounting for information
known prior to placing cattle on feed. These eaten can be combined with conditional
expected means and variances for corn prices ahcattie prices to characterize the
conditional profitability risk of cattle feedingBy analyzing profit risk in this manner,
feedlot owners and others with a financial intenestattle feeding can better understand
not only the overall profitability risks they fadayt also the contributions of individual
yield and price volatilities to that risk.

In order to implement these risk models in a bevadnsideration of thex-ante
risks associated with cattle feeding profitabilityeasures of the conditional variability of
feed prices and the price of the finished commediigd cattle—are needed. Measures
of the expected future price of corn (an imporiadtcator of feed prices) and fed-cattle
prices are available in futures markets. In addjtoptions contracts offer market-based
measures of the conditional variability of expedigdre prices. The futures and options
contracts corresponding to the placement dateshendates of finishing are used in the
profit model.

Within the context of our yield model for cattkeefding, five random variables are
relevant as sources of profit isk—DMFC, mortahi#ie, veterinary costs—all variables
modeled using the conditional mean and heteroskedgsnodels discussed above—and
corn and fed cattle future and options prices. §taadard Black-Scholes assumption of
log-normality is used to derive distributional asjseof corn and fed cattle prices from

the implied volatilities taken from options markefBhe models of the three random
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yield variables, taken together with the log-nofmdistributed corn and fed cattle
prices, allow us to derive an expression for theeeked level of profits associated with
any particular placement. The profit estimatescaralitioned on the conditioning
factors relevant to the yield factors as well agrpected prices, represented by the
futures prices pertinent to the contract correspuntb the feeding period.

Simulations were conducted based upon the fivebla risk model. For a given
set of conditioning variables, the conditional hes&edasticity models are used to
predict the conditional means and variances adsacvwith each yield factor. Although
the variance terms are allowed to vary with thedttooning factors, the covariance terms
are held fixed at the values implied by estimatemfthe overall sample (based on model
residuals). Zero correlation is assumed betweerhitee pen-level yield factors, corn
prices, and fed cattle prices. It is well-recoguizhat rank correlation is preserved by
any monotonic transformation of random variabl&€serefore, draws from a multivariate
normal distribution can be used to generate cdeélaalues with means and variances
specified by the modeling framework for each offikie random variables. For each
realization of correlated variables, a profit reation is calculated. From a large number
of simulated profit realizations (100,000 corretatandom draws are used from the five
variable system), it is possible to assess theilalistonal properties associated with
expected profits.

Distributions for profit per head were simulatedhgshe following scenario: a
pen of steers placed on feed in a Kansas feedIdayn30, 2006. The expected fed
cattle price ($84.48/cwt) and expected corn prg&54/bu) were taken from futures

contract prices for the contract ending October62&@d July 2006, respectively. The
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October contract date was used for fed cattlefteatethe expected selling date, given
that the cattle are fed for five months. Sincefd®sl cost is incurred throughout the five
month period, the July corn contract is used a®ayfor the average price of corn over
the entire feeding period. The mean value of eacfuitioning variable is used in the
models foDMFC, MORT, andVCPH. To illustrate the effect on profit per head from
changes in the variability of fed cattle prices andh prices, three separate simulations
were run within the profit model. The first simtitan held variance at its average level
(20%), and then variance was adjusted to simulatglarisk scenario (24%) and a low
risk scenario (16%). Figures 1 and 2 illustratettiree simulations for fed cattle and
corn prices, respectively.

The simulation indicates increases in live cattlegvariance leads to a
significantly wider distribution of profits, whilthe effect from corn price variability is
much less noticeable. The mean values of profihpad remained mostly unaffected by
live cattle price variability; however the standakiation of profit was significantly
increased. In this particular simulation, the hagid low risk scenarios for live cattle

prices changed the first quartile of profits by $&Pper head.

Conclusion

Recent legislation mandating the development of mswrance products for livestock
necessitates a careful consideration of the effatsrofitability risk from not only input
and output prices, but also cattle yields. Whtleeo studies of cattle feeding profitability
have used feed conversion as a measure of yiesdstirdy also explicitly considers the

effects of overall cattle health on yield.
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Multiplicative heteroskedasticity models were mstied for each of the three
yield measures; DMFC, mortality rate, and veteyraosts. Each model was constructed
using conditioning variables, which reflect infortioa known to a cattle feeder prior to
placement of a pen of cattle on feed. The modehages provide more insight into the
relative impact of the conditional variables onhotite expected mean and variance of
each measure of yield. The results of the DMFC ehoutlicate statistically significant
differences between gender, season, and feedktidocon feeding efficiency. The
coefficient of placement weight suggests that revawveight cattle are less efficient at
feed conversion than lighter weight cattle. Restittm the mortality rate and veterinary
cost models suggest that higher placement weidtié ¢eave lower veterinary costs and
mortality rates, suggesting that higher placemesght cattle may have fewer health
problems than lower placement weight cattle.

Profitability risk is impacted by fed cattle pr&;deed costs, and yield. Therefore,
to arrive at arex-ante estimate of the distribution of profits, the ptafsk model must
include all these sources of risk. Initial simidats using high and low variability in both
fed cattle prices and corn prices indicate thatctttle price has a much larger impact on
the overall variability of profit per head than ogorices.

Several aspects of the data and modeling can-beamined for future research.
First, not every pen of cattle suffered a mortdlitgs, so the value for mortality rate is
equal to zero for approximately 46 percent of theepvations in the data. Therefore, it
may be more accurate to estimate mortality riskgigai Tobit model that would still
allow for heteroskedasticity. Second, the datkuohes a very large number of

observations, which may make estimation of semapa@tric and nonparametric models
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of risk possible. Rather than imposing the logamalror normal distribution on the yield
measures, the data would determine the closastfitistribution for characterizing

cattle yield risk.
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Footnotes
! This is known as the model selection problem.

% Pens with average placement weights below 500¢®and above 900 pounds were
excluded from our sample.

% Seasons are split inwinter (Dec-Feb)Spring (Mar-May), Summer (Jun-Aug), and
Fall (Sep-Nov).
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Table 1. Variable Descriptions and Summary Statists

Standard  Minimum  Maximum
Variable Name Description Mean Deviation Value Value
DMFC Dry matter feed conversi 6.1¢ 0.7z 4 24
VCPH Veterinary cost per he 11.8¢ 6.2 0 60
MORT Mortality loss rat 0.9z 1.5 0.0C 25.8:¢
InWeight Average weight per head of cattle for the 737.50 87.22 500 900.00
entire pen measured upon entrz
OutWeight Average weight per head of cattle for the 1,177.91 88.10 910 1472
entire pen measured upon
Winter Binary variable equal to 1 if entry was 0.25 0.44 0 1
between Dec - F¢
Spring Binary variable equal to 1 if entry was 0.23 0.42 0 1
between Mar - Me
Summer Binary variable equal to 1 if entry was 0.26 0.44 0 1
between Jun - At
Fall Binary variable equal to 1 if entry was 0.25 0.43 0 1
between Sep - N¢
Seers Binary variable equal to 1 if entire pen of 0.51 0.50 0 1
cattle were Stee
Heifers Binary variable equal to 1 if entire pen of 0.37 0.48 0 1
cattle were Heifel
Mixed Binary variable equal to 1 if pen was mixed 0.12 0.33 0 1
gende
KS Binary variable equal to 1 if Kansas feedlot 0.80 0.40 0 1
locatior
NE Binary variable equatl to 1 if Nebraska 0.20 0.40 0 1

feedlot locatio

Total sample size n=11,397
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Table 2. Harvey's Model Results for DMFC

Conditional Mean

Parameter Standard
Variables Estimate Error t-statistic p-value
Constant 0.6983 0.0489 14.2900 <.0001
Seers -0.0696 0.0019 -37.2400 <.0001
Mixed -0.0277 0.0035 -7.8600 <.0001
KS -0.1228 0.0022 -54.6100 <.0001
Inwtlog 0.1891 0.0075 25.2300 <.0001
Winter -0.0006 0.0024 -0.2500 0.8048
Fall 0.0522 0.0027 19.6900 <.0001
Spring -0.0168 0.0022 -7.4800 <.0001
Conditional Variance
Paramete Standard
Variables Estimate Error t-statistic p-value
Constant 0.0107 0.0031 3.4900 0.0005
Seers -0.0596 0.0214 -2.7800 0.0054
Mixed 0.4834 0.0260 18.5800 <.0001
KS -0.1303 0.0265 -4.9200 <.0001
Inwtlog 0.6457 0.0873 7.4000 <.0001
Winter 0.0211 0.0250 0.8400 0.3988
Fall 0.3550 0.0253 14.0400 <.0001
Spring -0.3505 0.0272 -12.9000 <.0001
Table 3. Comparison of Kansas and Nebraska Feedot
Variable Name Description Kansas Nebraska
Obs Observation 9,157 2,24(
DMFC Dry Matter Feed Conversi 6.04 6.7¢
VCPerHd Veterinary Cost Per He 11.3¢ 13.8¢
Mortality Percentage of herd that die before slaughter 0.929 9520.
InWt Average weight per head of cattle for the 741.6 720.8
entire pen measured upon entre
OutWwt Average weight per head of cattle for the 1,171.9 1,202.6
entire pen measured upon
DOFeed Days on Fee 124.( 148.7
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Table 4. Harvey's Model Results for Mortality Rate

Conditional Mean

Parameter Standard
Variables Estimate Error t-statistic p-value
Constant 16.2077 1.0390 15.6000 <.0001
Seers 0.0638 0.0343 1.8600 0.0626
Mixed 0.5872 0.0828 7.0900 <.0001
KS 0.0317 0.0389 0.8100 0.4153
Inwtlog -2.3377 0.1572 -14.8700 <.0001
Winter -0.0153 0.0443 -0.3500 0.7290
Fall 0.1315 0.0528 2.4900 0.0128
Spring -0.1204 0.0414 -2.9100 0.0037
Conditional Variance
HET Paramete Standard
Variables Estimate Error t-statistic p-value
Constant 123,932.0000 20,039.0000 6.1800 <.0001
Seers -0.0756 0.0115 -6.5500 <.0001
Mixed 0.9827 0.0184 53.3900 <.0001
KS 0.1538 0.0144 10.6700 <.0001
Inwtlog -3.5010 0.0490 -71.5100 <.0001
Winter -0.1153 0.0148 -7.7700 <.0001
Fall 0.3961 0.0145 27.3400 <.0001
Soring -0.4257 0.0155 -27.4600 <.0001
Table 5. Harvey's Model Results for Veterinary Cots
Conditional Mean
Parameter Standard
Variables Estimate Error t-statistic p-value
Constant 10.7512 0.2139 50.2500 <.0001
Seers 0.0650 0.0105 6.1800 <.0001
Mixed 0.2211 0.0157 14.0500 <.0001
KS -0.2217 0.0090 -24.5200 <.0001
Inwtlog -1.2481 0.0327 -38.2200 <.0001
Winter -0.0811 0.0102 -7.9900 <.0001
Fall 0.0040 0.0101 0.4000 0.6905
Spring -0.0798 0.0137 -5.8100 <.0001
Conditional Variance
HET Paramete Standard
Variables Estimate Error t-statistic p-value
Constant 36.6064 8.1629 4.4800 <.0001
Seers -0.5877 0.0113 -51.9700 <.0001
Mixed -0.1160 0.0292 -3.9800 <.0001
KS 0.4627 0.0152 30.3900 <.0001
Inwtlog -1.4064 0.0675 -20.8400 <.0001
Winter 0.3152 0.0159 19.8700 <.0001
Fall 0.3369 0.0188 17.9600 <.0001
Spring 0.5998 0.0148 40.5100 <.0001
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Figure 1. Conditional Profits with varying levelsof live cattle price volatility
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Figure 2. Conditional Profits with varying levelsof corn price volatility
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