HOW MUCH WOULD IT BE WORTH TO KNOW THE

WASDE REPORT IN ADVANCE?

By
TRENT T. MILACEK
Bachelor of Science in Agribusiness
Oklahoma State University
Stillwater, OK

2011

Submitted to the Faculty of the
Graduate College of the
Oklahoma State University
in partial fulfillment of
the requirements for
the Degree of
MASTER OF SCIENCE
December, 2013



HOW MUCH WOULD IT BE WORTH TO KNOW THE

WASDE REPORT IN ADVANCE?

Thesis Approved:

Dr. B. Wade Brorsen

Thesis Adviser

Dr. Rodney D. Jones

Dr. Brian D. Adam




ACKNOWLEDGEMENTS
I would like to thank Dr. Brorsen for his immensmtribution to my education. From his
undergraduate class to agreeing to be my thesisadhe has challenged me academically and
as a person to strive for my full potential. | wbuaot have accomplished many of my goals

without his support and dedication to my endeavors.

| express my gratitude to Dr. Jones for encouragiego follow my dreams and for giving me
the tools to determine my career aspirations. t@liks helped me see the applied side of my
research and how there is much information to beeted from the results. | am privileged to
know the Jones family and thank them for all ofrtk@wavering kindness and assistance during

my graduate studies.

| want to thank Dr. Adam for his commitment to tieiag and for always being helpful. My first
exposure to price analysis was in his undergraduate analysis class and | am forever grateful

for the challenging instruction he provided andti@ help with writing my thesis.

| offer special thanks to Dr. Kim Anderson for hissistance with this research. Our talks were
extremely helpful in developing the wheat modeltfos research. He was always available to
help and | am extremely grateful for his contribag. | would also like to thank Dr. Francis

Epplin for his help and instruction during my stesli He always kept me positive and seeking

my greatest potential.

iii
Acknowledgements reflect the views of the author and are not endorsed by committee
members or Oklahoma State University.



Name: TRENT T. MILACEK
Date of Degree: DECEMBER, 2013
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Abstract: Past research has shown that prices maesponse to WASDE reports, but
have only looked at price movements immediatelgrio and after a report. This
research seeks to determine the profitability adiing based on knowing the next
WASDE report at the time of the current report.sT$tould help traders evaluate
investments in efforts to predict the informati@mntained within the report. The
commodities used in the model are US corn, soyheemswheat. The variable position
and rolling regression models are price forecastioegels that use an ending stocks
regression to forecast price at the next WASDE nteqetease. For the variable position
model, the intercept is calibrated so that the rhpdeicts the current price without
error; the slope is based on report data from neerti@an the last two years of data. The
rolling regression model uses a specified amouhisibrical data from one to five years
in its regression. Using the forecasted price pibstion of the trading model’s profit
calculation can change daily based on where th@ngqrice of the commodity is in
relation to the price prediction. These two modetscompared to determine the optimal
amount of historical information to include in thece forecast. The trade and hold
model is used to determine the profits of tradiagdal on whether ending stocks will be
up or down at the next WASDE report. Profits areraged on a days until report,
monthly, and yearly basis. The variable positiardei and rolling regression model
show a steady return to trading over the reporttmoihe trade and hold model shows
an increase in profits on the report release dayding stocks and predicted yield
account for a small yet very important part of neinkiovements. Trading models that
include more information are needed to producerateyrice forecasts. Trading close
to the report, during the growing season, and miatlistorically important WASDE
reports that contain finalized information are kiegs to maximizing trading profitability.
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CHAPTER |

INTRODUCTION

The United States Department of Agriculture (USDélpases monthly World Agricultural
Supply and Demand Estimates (WASDE) which contamd&émental market information such as
the National Agricultural Statistics Service (NAS30p production reports, and ending stocks
estimates. The USDA releases crop production teploat provide estimates of corn, soybean,
and wheat yield which are included in the WASDEorgg Private firms attempt to predict the
WASDE reports using satellite imagery, publicly iwmosupply and demand estimates,
experimental plots, crop tours, and calls to gfimms as well as many other ways to gather

fundamental information (Milonas 1987).

The objective of this research is to determinevidae of WASDE report predictions in
the days before the report is released and thenaptise of the predicted information. Many
agricultural economists have studied the effectd ®DA crop production reports on commaodity
prices. Findings by Adjemian (2011), Fortenberg &mner (1993), Isengildina, Irwin, and
Good (2006); Isengildina-Massa et al. (2008); McKer{2008); Milonas (1987); and Sumner
and Mueller (1989) confirm that WASDE reports cémtsignificant fundamental market

information that causes market prices to change #fe reports are released. Adjemian and



Smith (2012) declare that USDA crop production repoause “unmistakably significant”
changes in market prices. A trading firm that dauledict these market movements would have
incentive to gather relevant and accurate inforomettd develop their forecast models. This
research is important to private firms becausdlitprovide a daily value of the predictions
leading up to the report. This research can be bgdraders to determine how many days,

before the report is released, it is profitableite their predicted WASDE information.

These reports are released on a monthly basisantdic information compiled by
several USDA agencies such as NASS; the repors iofformation on supply and demand and
contain two main components, acres to be harvestdaxpected yield per acre (Vogel and
Bange 1999). The NASS Crop Production report apd¥YASDE report are developed secretly
and are released between tHeafid 12' of every month (Vogel and Bange). One particplace
of information in the reports are the projectioN§ASDE projections are released for a
projection year normally beginning in May and emgiin April of the next calendar year.
According to the September 17, 1973 WASDE repbds¢ projections are meant to serve as a
guideline approximation based on the informatiomently known. These projections are
representative of a wide range rather than a estmate; they vary with every new WASDE
as crop, weather, and economic conditions chamgese reports have a dramatic effect on
markets because the information remains secrdttbatofficial report release. The USDA
fiercely guards this information to insure thathing is leaked before the report date (Vogel and

Bange). This ensures that no participants gaiesacto the information before others.

The USDA reports have been very influential in cagi@xtreme price movements in
otherwise stable markets (Isengildina, Irwin, arab&2006). Sumner and Mueller (1989) found
that the harvest forecast reports released in tirghm of August, September, and October cause

a greater change in corn and soybean market ghiaesother reports. Known periods of greater



market realignments offer traders a chance to alig@ton market movements. Adjemian (2011)
found that “virtually all” of the WASDE reports theontained NASS crop production reports
stood out as significant. The struggle of priviatas is to determine what direction the market
will move based on the new information containethigse reports. Private agencies already
release prediction data in the days prior to a US&gort (McKenzie 2008). One could argue
that if this data were totally accurate and in toegated the need for WASDE reports, it would
remove the volatility from the market in the dayddve a report. This is clearly not the case.
Isengildina-Massa et al. (2008) found that after $I& reports containing NASS crop
production reports were released, implied volgtilit corn and soybean markets was reduced by
an average of 2 and 2.5 percentage points 89% @0 dbf the time, respectively. This makes a
strong case that private firms are not able toipted of the information that is contained in the

NASS crop production reports.

The establishment of the relevance of WASDE repgmatsbrought on a desire to predict
the information contained in these reports. Tlaeescompanies that have been effectively
predicting at least parts of the crop productiqrore(McKenzie 2008). However, the reports are
still being released and continue to strongly dffee market. According to Fortenbery and
Sumner (1993), this is because the NASS crop ptaueports change the supply and demand
expectations and therefore alter the fundamentatrimation collectively known by the market

participants.

A few notable price forecasting models have beerldped to predict grain prices.
Anderson and Tweeten (1975), Westcott and Hull $).98/estcott and Hoffmann (1999), and
Do (2010) all used a form of stocks-to-use ratiatiization to ending stocks ratio. Anderson
and Tweeten (1975) set the precedent for wheat priediction using these methods. Later work

by Do (2010) updated the model to include new mfmtion from 1975 to 2008. The new model



estimated by Do yielded a lower R-squared valugherregression than was obtained by
Anderson and Tweeten (1975). A conclusion canrbeid here that it is detrimental to use very
old data to predict new prices. There may alsevigence that the market experienced a
structural change since the first model was dewslofSuggested causes for recent structural
changes are commodity index funds, ethanol mandatelsdecreased supply. Mallory, Irwin,
and Hays (2012) report that a third of the U.Snawop is being used in ethanol production.
Westcott and Hull (1985) and Westcott and Hoffmék#99) both analyzed the effect of different
periods of government legislation on market behavikhe important finding by these
researchers for the purpose of this model estimasithat futures price prediction models can be
affected greatly by policy and structural changtheamarket. Therefore to accurately predict
prices these models should only use data relegahetcurrent market structure and policy

instead of using all of the historical informatitivat is available.

Previous literature has shown the effects of WAS8korts a few days before the report
release. However, past literature has not corsiderodels of how to use predictions to trade.
This research will study US corn, soybean, and wbeamodities spanning the years of 1975-
2012. The main objective of this research is tewmheine the profitability of trading on a daily
basis to determine what days are most profitale hew long before a report release it is
profitable to trade. Other information that wi# provided includes details on seasonality
through monthly profit calculations and whetheréhis evidence for structural change through
yearly profit calculations. This research sucadbsfills a void in the current literature and

serves as a relevant guide to the profitabilityraiing based on WASDE report information.



CHAPTER Il

MODEL AND METHODS

To determine how much it is worth to know the WASERport in advance, a profit equation
utilizing a trading signal is developed. This fragsignal is then calculated for four different
models; the variable position, the rolling regreasiand the trade and hold model. These models
use ending stocks information for the independantble of the regression. In addition to
ending stocks, the rolling regression model is alsousing predicted yield as the independent
variable. The variable position model createsadity signal that is triggered when the close
price moves above or below the price forecast wislag very recent historical data. The rolling
regression model builds on the variable positionlehdy specifying a fixed amount of data to be
included in the regression in order to determimedptimal amount of historical data for a price
prediction. Finally, the trade and hold model aesat trading signal based on the direction of

ending stocks.
Profit Calculation

Profits for the trading models are calculatedydbéised on a trading signal. The system is

always in the market with either a long or shosipon. The profit equation is:

(1) Profitgme = (—1)Samt x (Closey . — Closeg_q1 m¢)



Sd,m,t € {011}
0=1Ilong »—-1°=1
1 =short » -1t = -1

whereClosey_1 ., represents the prior day’s closing price, éfake, ., , is the current day’s
closing price for dayl = 1, ... D, and report montm = 1,2, ... M;. The subscript = 1975, ...T
is representative of the WASDE projection yeBrofit, ., . indicates the profit for the current
day. The variablé ,,, . is a binary trading signal where 0 signifies aglgosition and 1 a short

position.
Variable Position and Rolling Regression Model

As suggested by previous literature, price forexast obtained using ending stocks regressions.
Previous literature has shown the relationship betwending stocks and prices has changed over
time, especially in recent years. To accountHg structural change a regression model that
heavily favors new market information is used. Thear regression is predicted for each
WASDE report month using ending stocks (or predigtield) information and the closing price

on the day of the report. This general relatignghdefined as:
(4) Price, = .Bl,c + BZ,c’xc + e,

herePrice, is a vector of the observed futures prices orddyeof WASDE report releases for
c =m+ Y4 Ls,c M. The parameters are updated with each new refibe.vector for the
variable position model is defind¥ice. = (Pricem ) t(c), - » Pricem,c)rc))- The coefficient
P1c is the intercept term. The veciy . is the slope coefficients on the independent véagab

ande, is a vector of error terms. The vecigris the independent variables. The subsenifit)



is the WASDE report month in which the observatiaa calculated. The subscrit) is the

projection year in which the observation c is chltad.

The independent variable for this model will béner inverse of projected ending stocks
or predicted yield as reported in the WASDE repdithe work of Anderson and Tweeten (1975),
Westcott and Hull (1985), Westcott and Hoffman @9@nd Do (2010) provided the inspiration
for the use of this model. Their models used akstdo-use ratio and utilization to ending stocks
ratio. They use a ratio in an attempt to correcsfouctural change in the overall size of the

market. A ratio is not used here since a relagigbbrt time period is used.

Using the inverse of ending stocks helps captuwertcreased volatility of prices that is
experienced when supplies get tight, while relaxiregeffect of a change in ending stocks when
supplies are large. For corn and soybeans vagtizrequal to their own inverse of ending
stocks. Wheat will include both wheat inverse agditocks as well as corn inverse ending
stocks. This is due to the fact that corn and wheasubstitutes for each other in animal feed.
Wheat is considered a premium feed because it highar protein level. The price of wheat is
usually above the price of corn since wheat costermper bushel to produce. For this reason the
corn price provides a floor price for the wheat kedwhich wheat will rarely fall below. The
rolling regression price vector iBrice. = (Price._g+1, ..., Price;). HereK = 12,24 ... 60.

The rolling regression is also used with predigtietd data as the independent variable. In the
wheat model, both wheat predicted yield and coedigted yield are included as independent

variables.

For the generalized model specification the predigtrice equation is as follows:

(5) Price..; = :El,c + Elz,cxc



where Price.., is a scalar forecasted price for the next WASDOorerelease. The intercept

coefficientf; . and the vectoiB, . are a calibrated intercept and slope coefficient.

The slope coefficient for the variable position rabig calculated using a weighted
average of the previous year’s last regressionjsesbnd the slope from this year. The decision
to limit the use of the previous year’s regresslmpe coefficient in this manner is because the
model is using only the current year of data. Toelel’'s accuracy was low early in the year
when there is limited information. Slowly throughahe year the slope is weighted more to the
current year than the previous year and in thentastth does not use any of the previous slope
estimation. The weighted average slope coeffidienthe variable position model is under

restriction:

] in (m(c),10) = 5 in (m(c),10)
(6) ﬁz,c = max (% * ﬁz,m(c),t(c) + (1 - %) * ,BZ,M(C),t(c)—l' 0)

The coefficienlﬁzlm(c),t(c) is the current predicted slope coefficient #3g ) (c)-1 is the last
slope coefficient from the previous year. Thehralied slope coefficient is restricted to be

greater than zero.

The slope coefficient for the rolling regressiondabis expressed here under restriction:
(7) ,Ez,c = max(ﬁz,c, 0)
whereﬁz_c is the predicted slope coefficient and cannotlss than zero.
The intercept coefficient for the variable positemd rolling regression models is calibrated:

(8) .El,c = Closec - Ez,c’xc



allowing the intercept coefficieng; . to be calibrated so that the function passes tfiroie

closing price.

To calculate profit the variable position and mjiregression models use the trading

signal:

(9) S _ {0 if Pricecyq > Closeqg—qmyt
amt = 11 otherwise

here if the forecasted pricerice.; is greater than yesterday’s close p(tese;_; ., then a
long position is opened. Otherwise the equatiturns a 1 to open a short position. The
forecasted price is for WASDE report momtht+ 1. Since the subscriptcorresponds to the

current monthn.
Perfect Foresight

In order to determine the effectiveness of the Hwotegenerate profits, the models were run
normally, and under a perfect foresight methodis Tpperfect foresight” was applied to the
variable position model and the rolling regressiwodel. The perfect foresight is run for every
model because the variable position model doepnoeide a price forecast unless two
observations are observed in the current WASDEeptimn year. Also, the rolling regression
model does not provide a price forecast unlessatpgired observations for the regression have
been observed. By using the actual closing prig#ace of the forecasted price, a total profit of

the model could be calculated. The trading sifmathe perfect foresight model is:

S _ {0 if Close; ¢ > Closeg_qm¢
dmt 1 otherwise

here trades are made based on if the closing pri¢cke report release day is larger than the

yesterday’s closing price. A value of O indicatderay position and 1 indicates a short position.



These models provide the information necessargterchine the value of predicting WASDE
reports. The trade and hold model is useful imtifjgng the potential profit from trading based
only on the expected direction of the change irirepdtocks as opposed to trying to accurately
predict what they will be. The variable positiondael makes trades based on the price forecast.
The rolling regression model builds on the varigissition model by including varying levels of

old data to determine the optimum amount of daiadlde in the prediction.
Trade and Hold Model

The trade and hold model is based only on the tilireof change in WASDE ending stocks. If
ending stocks went down in the future month, aibdicator was triggered; if ending stocks

went up a sell indicator was triggered:

LifESpy1 t>ESme
(3) Samt = {0 otherwise

whereS, ,,, . is the current day’s trading signal for the prefijuation (1). The variabls,, .,

is the ending stocks for the next monily,, , is the ending stocks for the current month.
Total Market Movement

To help explain the seasonality of corn, soybeand,wheat the total market movement of each

commodity was calculated using the trading signal:

S _ {1 if Closeq m ¢ —Closeg—1 m ¢<0
dmt 0 otherwise

The total market movement can be used to deterwiieh days and months have the largest
market movement independent of a trading models iBtbeneficial because it does not depend
on an estimation of price and can provide insightoavhen the opportunity for the most profit

occurs, and what times have the most potentidafge profits.

10



CHAPTER IlI

PROCEDURE AND DATA

This research uses a variable position modelpngHegression model, and a trade and hold
model to provide trading signals for a profit cdétion. These models require price information
that quickly reflects changes in WASDE report infiation. Once profits are calculated it is
important to sort the profits by the WASDE repodnth projection year so that inferences on the

effects of the WASDE report can be made.

Model Estimation

Profits are calculated for the variable positiondelcand the rolling regression model based on a
trading signal. This trading signal is determitgda price forecast generated from the regression
estimation of WASDE US ending stocks on futuresgsi The following is a guide to help

explain the forecasting and profit calculation @es

The Variable Position Model:

¢ Historical WASDE US ending stocks are regressetistorical futures prices.

11



e A price forecast is calculated for a WASDE repoanth by using the next WASDE
report’s actual observed ending stocks (this regmssa perfect prediction of ending
stocks).

e The trading signal for the variable position mod&ates a buy/sell indicator using the
price forecast from the previous step. This bulisdicator is a 0 for a long position
and a 1 for a short position.

e The profit calculation uses the buy/sell indicatocalculate profit by multiplying the
trading signal by the difference of today’s closprgce and yesterday’s closing price.

The calculation of profit is entirely in sampletbat perfect predictions of ending stocks can be
made. Application out of sample would require atingation of ending stocks. An example of

the SAS code used is included in the appendicdspaper in figure 17.

The Corn and Soybean Model

Corn and soybeans, unlike wheat, are homogenealsaded on one exchange, the CME. Their

closing prices are directly regressed on WASDE bdrey stocks or predicted yield data.

The Wheat Model

Wheat is a commaodity that is used for animal fegdell as human consumption. Wheat has a
higher protein level than corn so therefore itaasidered a premium feed when fed to animals.
For this reason the wheat price will generally lghér than corn. In years when corn is in low
supply, it can cause the wheat price to increasealine as cattle feeders substitute wheat for corn.
For this reason, the variable position and rolliegression wheat models will include corn

ending stocks as well as wheat ending stocks toustdor corn’s influence on the wheat price.

In addition, wheat is marketed by class and indigldvheat class information is reported in the

WASDE report from 1980 to the present. The différeheat classes represent various varieties

12



of wheat that are grown for specific purposes amihg different growing periods throughout the

year.

The WASDE US wheat ending stocks is the sum of heddvinter, soft red spring, hard
red spring, durum, and hard white wheat. Usirg one exchange to trade the commodity
would put an uneven weight on that price and tlvevgrg conditions of the crop traded there.
Soft red winter, hard red winter, and hard redrgpr/heat classes are primarily traded on the
CME, KCBT, and MGEX respectively. White and durumeat are produced in a smaller
guantity than the other three classes so theyarmcluded in the calculation. Therefore, the
closing prices of the three exchanges were weighésdd on the production bushels that were

reported in the WASDE wheat by class reports:

(19) Closeqm = Xi- Wib;

qi
Zl'3=1 qi

w; =

where variabl&lose, ,, ; is the weighted average close price. The suldsicspl,2,3 represents
the three classes of wheat; hard red winter, sdftwvinter, and hard red spring wheat. The
weighting variablev; is the weighted average of the WASDE productiomipers for three
classes of wheat. The variabplerepresents the daily closing price of the KCBT, E&Rhd
MGEX exchanges angl is the sum of the production projections for alhBDE wheat by class
reports observéd The weighted average close price is then usedighout the model

estimation and profit calculations.
Data Transformation

The data displayed visual signs of heteroscedbstiaie to increased prices and the subsequent

! The actual estimated weights are KCBT=0.44, CME=0.27, and MGEX=0.29.

13



increase in volatility of futures prices startingand the year 2008. An estimated generalized
least squares (EGLS) approach was taken. To ¢daethis, the daily profit calculations were

weighted by running a regression with the actuafifsrfrom the trading model:
(24) Profit, = By + &

whereProfit, is the regression of daily profits without expltorg variables. The intercept term
Bo serves as a mean of the profits. The log of tlkeusgl residualé, is regressed on the class
variableYear to obtain the predicted variance which is represthys?2. A weighting function

is then calculated:

a7 Weight, = -~

eO’

N

whereWeight; is the weighting variable for daily profit by year

Sorting by Class Variables

The number of observations that trade off a padeic& ASDE report can vary depending on the
day that WASDE report is released. Due to the vargialendar days each month and the
untimely release of various WASDE reports, thera wide range of report days that can be
traded. An observation is identified by the numikecalendar days from the next report it is.
There are normally twenty-two trading days in a thdwut this day variable is based on calendar

days, so thirty-one days were chosen to capturtothkof any observed month.

Profits were reported based on the monthly WASOibms. A simple use of the
calendar month in which an observation was obsetleed not provide an accurate
representation of which WASDE was used to tradeowing that the WASDE generally is
reported early in the month, it is necessary torehe findings in terms of “report months”

instead of “calendar months” so that one month aoéseport profits from two WASDE reports.
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Yearly profits were sorted by the WASDE projecti@ar. WASDE's projection years
generally occur from May-April. If the profits weereported as calendar years then a similar
problem to the monthly sorting would occur where pinofits from two projection years would be
reported for the same year. Additionally, contsagere not allowed to trade across contract
years. Therefore, a WASDE report for the projetyear had to be observed before a trading
signal was produced. This results in lower obg@ma in the months during the transition of

projection years due to a lack of trading signal.

Once the profits of the commodities are calculaigidg the variable position model, the
rolling regression model, and the trade and holdehdaily profits are averaged together; this
was done based on several class variables whiah dests, month, and year. These profits are
all weighted as was described in equations (14-D4)ly, monthly and yearly averages will be
helpful in determining the most profitable tradihays, the effects of seasonality, and structural

change.

Nonparametric Regression

A nonparametric regression allows representingléta with a function that is not bound by the
common assumption of linearity. This type of regien performs well when there are a large
number of observations. An analysis of the dathaut parameters allows structure in the data
to be displayed visually that could be overlookdwwusing standard linear regression. One
option for nonparametric regression is local regjees The locally weighted regression
(LOESS) analysis calculates a local regressionttiyd the regression to data with multivariate
smoothing; the dependent variable is smoothed avithecified degree of freedom as a function
of the independent variables in a moving pattete\{€and and Devlin). This research will use
three degrees of freedom. This option gives aigiedi value of the dependent variable at any

given level of the independent variable. Theref@eables are smoothed for each observation of
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the independent variable. Benefits of the LOES®edure are that it is suitable when there are
outliers in the data and when robust fitting of tlaa is required. Restrictions of the LOESS
procedure are that it requires a large number séofations to be precise and can be time
consuming to calculate as local fitting occurs\agrg observation of the independent variable.

An example from the GAM procedure with the LOESSIrias provided by SAS is:

(11) E(Y) = Bo + Bix +s(x)

whereE (Y) is the predicted value of the dependent variahlly grofit. The variable: is the
independent variable days until repgii,is the intercept of the local regressign,s the trend
term, ands() is the nonparametric smoothing function of theepehdent variables. Then a plot

of the predicted smoothing components on days tegirt is created.

Data

The WASDE reports are released on a monthly basicantain information for many different
agricultural commodities. They include informatianthe United States and world level to
provide information on the current supply of comiitied and expected acreage and yield data.
The WASDE report releases a part of its informa#srprojections. These projections are
categorized in projection years that generally ddag through April. As defined in the
September 17, 1973 WASDE, the projections are nteaggrve as a guide to the coming crop
that is representative of a wide range of possiallees that is based on presently available data.
The projections can change as more information tad@enomic conditions, availability of

inputs, and crop and weather conditions are regorach new WASDE contains a new
projection that will represent the most currenbimfation gathered during that report month. As
mentioned earlier the projections generally begitwieen May and April; the exception is the

early WASDE reports from September 17, 1973 thral@Fo. During this time period there was
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not a standard in which the projection year beghithvallowed it to vary among the early
months in the calendar year. The March contragsesl in order to capture a majority of the
projection year. The only month of the calendarybat would not report profits is April due to
the March contract expiration and a new WASDE refwmrthe next contract year not becoming
available until May. However, when the projecti@ars began earlier than May, some

observations in April were allowed to be traded.

The WASDE periodically releases reports that dortarrections for previous WASDE
information. These corrections are generally allstifference in the previously reported
numbers and do not provide a large amount of nériration to the market. As such these
reports were not included in this data set. Of3B8 WASDE reports released from September
17, 1973 to March 8, 2013 that contained US coojeptions, 38 of these reports contained
corrections to corn ending stocks and the endinckstchanged on average by 4.24% of the
original number. The largest changes from theemtions occurred in WASDE reports that were

released in the 1970s.

Futures Prices

The variable position and trade and hold modelscose and soybean ending stocks information
which is reported in millions of bushel. The modiregression model will be estimated twice
using ending stocks information and then predigietti data. Futures prices are from R&C
research at www.price-data.com. Corn and soybatmate from the Chicago Mercantile

Exchange Group (CME) and are reported in dollarsdpshel.

Generally, soft red winter wheat is traded onGhécago Board of Trade (CBOT), hard

red winter wheat is traded on the Kansas City BeéMrade (KCBT), and hard red spring wheat
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is traded on the Minneapolis Grain Exchange (MGEKR)ese three wheat classes represent the

majority of the wheat traded on the three exchanges
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CHAPTER IV

RESULTS

The results of this research are reported as agelaity profits by days until report, WASDE
report month, and WASDE projection year. The ssofovide information pertaining to the
most profitable trading days and which WASDE repaite the most profitable to trade. This
allows inferences to be made on the effectiventseanformation in the reports to move

markets and arguments for seasonality and struatinaamge to be discussed.

Variable Position Model

The variable position model provides a price fostdar trading in a unique way by calibrating
the slope coefficient of the regression using ayhieid average of the previous projection year's
last slope coefficient, and the current projectiear’s new information. This allows the
regression to adapt to new market information duicllso, the intercept coefficient is
calibrated to pass through the closing price orddneof the last WASDE report release. This
insures that the regression will provide a priaedast that is similar to the previous month and

reduces large movements in predicted prices.

The last intercept and slope of the WASDE projectiear are retained from the model
estimation so they can be plotted to show the ahamthe beta coefficients across WASDE

projection years. These are displayed in figute® and 5 for corn, soybeans, and wheat.

19



The intercept coefficients stay relatively constéinbughout the sample period for all
commodities. There are a few exceptions most hotabund the years 2007 and 2008. By
calibrating the intercept so that the regressina travels through the last known price, the
variance of the intercept coefficients is reduc&tis ensures that there are no wild breaks in
predictions across months and that the regressitire @rice forecasts will include the last

known price.

The coefficients for slope tend to vary more oumet As the market structure has
changed in recent years the variance of the slop#icients has become large compared to
earlier observations. To combat this, the varigloigition model uses a moving average approach
that combines estimates with the data from the iyearediately prior and the current estimates.
This helps alleviate the effect of structural chebyg using very new data in the regression. All
three commodities experience a major change irestopfficients around the year 2008. As was
discussed earlier in this paper, some have atéibtltis to index funds, ethanol mandates, and
overall lower supplies which tighten supplies agald to a greater slope of the regression line. At

these low guantities, prices tend to make largeranavith changes in supply (inelastic demand).

In Figure 2 the final slope coefficients for colismlay a trend of increasing volatility
over the data set. At the year 2008 there is agdhan the trend which results in large
coefficients from 2009 to 2012. The market app&arsspond more dramatically to changes in
ending stocks than it has in the past which isairt gue to the inelastic demand for corn when

ending stocks are low.

In Figure 4 the final slope coefficient for soybsas much more volatile than what is
observed in corn. There are large increases isltpe coefficients at various times in the data
set but like with corn, there is an change in 208&pe coefficients become large compared to

recent years and continue to vary each year up1a.2

20



The wheat final slope coefficients are reporteBigure 6 and they show similar results
to soybeans. There is a large increase in the sloefficients around 2008 and they change

dramatically for the subsequent years up to 2012.

These figures show that the market experienced@esuchange around the year 2008.
The model is able to adjust to this structural geaquickly due to the use of new data in the

calculation of the slope coefficient and adapteth&ocurrent market structure.

The estimates of the nonparametric regressionshanen in figures 14-16. This is not a
plot of cumulative profits, but rather, a plot betpredicted profit on a per day basis. These are
smoothed profits and reveal that on average theemsgrofitable with an upward trend moving
toward the report release date for corn and soyheldinexpectedly, the figure for wheat showed
a reduction in profits as the report release agtred. The corn and soybean figures 14 and 15
show movement that would be expected when the mirlobtaining information as the report
release date approaches. Possibly it is becaivagepfirms are beginning to predict at least parts
of the report. The wheat trend in Figure 16 sutggémat US ending stocks is not a good predictor
of wheat prices and that the information releasatié WASDE report is not the major cause of

price movement.

The variable position model for US corn does nategate a larger profit on average for
the report release day. The results in Table vshsignificant amount of noise in the market as
is inferred from the wide range of profits. Theya slight increase in profits on the report
release day but it is difficult to determine if tees a pattern. In order to determine if thera is
trend in profits nonparametric regression is useabustly fit the data. Figure 14 shows that the
profits tend to increase as the report releasecappes. This increase becomes more pronounced
at fifteen days before the report and continudgsdrease until the report release day. From Table

4 the average daily profit over the entire datd@etorn was 0.22 cents per bushel. As reported
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in Table 5, the perfect foresight trading signatiman average daily profit of 1.09 cents per
bushel. Therefore the corn model estimation wasessful at capturing 20.18% of available
profits. There appears to be value in predictirggreports at least fifteen days before the report
as is shown with nonparametric regression, howekreramount of noise in the market provides

evidence that there are other factors affectingribeket as well.

Monthly data offers the opportunity to determine #ffect of the growing cycle, and the
collection of harvest data, on price. Also it offa way to determine which reports provide the
most influential information to the market. Soregarts include NASS crop production data and
provide crop condition and yield data to the markBte monthly profits calculations from Table
6 show that July, September, and February are g pnofitable to trade corn. The perfect
foresight trading signal returned the largest psafi July, August, and October as shown in
Table 7. The corn crop is very susceptible to gkearin weather during the peak of its growing
season. This helps explain why July and Septemnigeprofitable to trade; changes in weather
and crop conditions cause prices to move and beocaone volatile during July and August.
February is likely a profitable month due to theafized harvest and ending stocks information
released in this report. Typically January woutdelxpected to be the most profitable year-end
report but that is not what was observed here. penfect foresight model shows that for corn,

the largest opportunity for profits from the modetur towards the end of the growing season.

Soybeans returned results that were similar to.cénrerage daily profit by days until
report from table 2 show an increase in profitshanreport day although the profits tend to be
noisy. Nonparametric regression in Figure 15 shawsnilar upward trend in profits as the
report release day approaches. This uptrend @atas far as twenty days before the report
release. The average daily profit over the enlata set was 0.26 cents per bushel as shown in

Table 4. The perfect foresight model returned\arage daily profit of 2.91 cents per bushel
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shown in Table 5. Therefore, the model estimaftiorsoybeans captured 8.94% of the total
available profit. The model captured less avadghybfits than the corn model did and this could
be due to higher volatility in the soybean marlaipled with less accurate price predictions.
Interestingly, there appears to be a larger regptmeeport information earlier in the report
month than was observed in corn. This could meandoybean markets are obtaining

information more quickly than corn.

Soybeans most profitable months from Table 8 anaaly, September, and December.
For soybeans the perfect foresight shown in Tabk@ned the largest profits in March, July,
and August. Soybeans returned monthly resultsstiatv the year-end crop reports are more
influential. Harvest information is contained ihtaree report months with increased emphasis
on the January report. Historically traders redhisireport as containing highly accurate harvest
information for the US crop. Work by Isengildinaakta et al. (2008) and Adjemian (2011) has
already revealed the importance of the January @pprts due to the information on harvest data
contained in them. Unlike corn, the soybean maskabt influenced as heavily by weather and
crop conditions during the growing season. A radeothis may be that soybeans are a large
global market and are not as influenced by US mé&dion as much as corn. Interestingly, the
perfect foresight model shows that early reportsthe August report offer the largest
opportunity for profits. This is in contrast tornovhere the largest profits can be obtained in the
latter part of the growing season. It appearstti@tJS soybean crop has a small impact on

soybean markets and other information is affedfivgmarket.

The average daily profits for wheat are low comgaeecorn and soybeans. In Table 3
profits are small and negative with a negativeiprefurned on the report release day. Again the
profits are very noisy so nonparametric regressias used to look for trends in the data. Figure

16 shows that the profitability of wheat decreasethe report release day approaches. The
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largest profits are observed before twenty dayi et report release. It does not appear that US
wheat provides enough information in order to predheat futures pricés Wheat returns an
average daily profit of -0.04 cents per busheleg®rted in Table 4. From Table 5 the perfect
foresight model produced an average daily profit.@#% cents per bushel. The price forecasts
from the regression are not accurate enough taupsod positive average daily profit for the
wheat model. There are other factors driving tlaeket in addition to ending stocks that must be

included to provide an accurate price forecast.

The most profitable months to trade wheat as showmble 10 are August, September,
and December. The perfect foresight model shouatsttie largest market movements occur in
July, October, and February as reported in TableWhile these are the most profitable months
to trade, it should be noted that the profits @/ wmall and a majority of the other months
return negative profits. When trading wheat iniportant which months are chosen to trade.
The timing of WASDE projection years and the preseof different classes of wheat makes it
difficult to analyze seasonality. The winter wheksses are being harvested at the beginning of
a new WASDE projection year so part of the growsegson is not included in the profit
calculations. Also, using a weighted average efttitee exchanges negates observing the

influence of ending stocks on any one class of whea

Yearly profits are calculated to study structuteiege and are displayed in Figure 9, 11,

and 13. Sudden changes in market structure dpelity changes, the economic climate, or

> The model is run using world wheat and world corn ending stocks, and by US wheat by class ending
stocks to determine the fragility of the above model. The world wheat and corn model uses the weighted
average closing price. The US wheat by class models use futures prices from the CME for soft red winter,
the KCBT for hard red winter, and the MGEX for hard red spring wheat. Average daily profits when using
world wheat and corn are 0.11 cents/bushel. The profits for wheat by class are soft red winter 0.3
cents/bushel, hard red winter -0.6 cents/bushel, and hard red spring -0.07 cents/bushel. While the world
wheat and corn information returns larger profits than US wheat and corn, the profits are not statistically
significant and are still small. However, there is marked improvement in the profitability using world
information.
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weather patterns can dramatically affect the pabfiity of a trading model. An increase in slope
coefficients from the variable position model cades with an increase in the volatility of
average daily profits. While the model tends tjusidfavorably to the structural change with
resulting large profits, recent profits have wane@iorn has remained the most profitable as
shown in figure 9. Profits increase in 2009 analkpe 2011. Soybean profits in Figure 11 show
a favorable increase in profits with a correspogdiagative downturn in 2012. The wheat
results in Figure 13 are similar to soybeans vatigé profits in 2008 then turning negative in

2012.

Rolling Regression Model

The rolling regression model allows the use of nd&® to determine the optimal amount of
historical information to include in the regressastimation. Two models, one for ending stocks

and one for predicted yield, are used.

The average daily profits by days until reportfaend in Tables 12-14 and show similar
results to the variable position model where tldifs are very noisy with no obvious trends in
profitability. It is important to note that withé exception of wheat, corn and soybean profits do
not increase when more historical information iduded in the model as seen in Table 4.
Furthermore, wheat only increased slightly in gedfility. The variable position model produces
the most accurate price forecasts and resultintgehigrofitability due to only using new data and

adapting to current market conditions quickly.

In addition to using ending stocks to predict thegon the report release day, predicted
yield was used. The largest average daily prafiesobserved with 24, 60, and 12 observations
for corn, soybeans, and wheat respectively. Tridyred the largest average daily profits equal

to 0.11, -0.06, and 0.4 cents per bushel for theettommodities as shown in Table 4. Table 5
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reports that the perfect foresight made a prof@2.6f, 2.41, and 1.17 cents per bushel for the
three commodities. This results in the corn maedplturing 11.34% of the market movement as
well as wheat capturing 3.42%. This is evideneg¢ US predicted yield information is a good
predictor of corn prices. Wheat and soybeans didare well when yield was used to predict the
price forecast. It may be that wheat and soybesm$oo largely affected by world markets so

predicted US yield does not have enough predigioxeer.

Monthly profits are shown in tables 15-20. Thessgutts are similar to the results found
when using ending stocks in the variable positimaeh and the rolling regression model. This is
not unexpected as predicted yield is informatiqgrorted by NASS. These results solidify the
assumption that US crop information is affectingeast parts of the market and providing useful
information to market participants. While the potide power of predicted yield information is
small, it was able to capture half of the profitattwere obtained when using the variable position

model with ending stocks information.

Trade and Hold Model

The trade and hold model provides a trading sitratlis based on the direction of change in
ending stocks across WASDE report months. Thisahigchot dependent upon an accurate price

forecast and is not allowed to change its tradiggad throughout the month.

The daily profit calculations are found in table8.1The trade and hold model shows
that although the report release day is a venyitptié day to trade, profits throughout the month
are noisy as is observed with the variable positimdel. Average daily profits in Table 4 were
calculated to be 0.33, 0.50, and 0.19 cents pdrdbéisr corn, soybeans, and wheat respectively.
These profits are larger than what was obtainetthéyariable position model because the trade

and hold model does not require an accurate poiezést to determine the trading signal. The
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average daily total market movement in table 5 e#sulated to be 3.01, 7.52, and 4.21 for the
three respective commodities. The total marketenmnt signal is useful in determining the
average daily movement of the market; this providsight into how much the market actually
moves and the opportunity for profits. Monthly fitwin tables 6-11 show similar results to the
variable position model in which profits increaseidg critical growing periods and when
important harvest information is released. AlswtHer evidence for structural change is found as

all commodities became more profitable to tradenf@D08 to the present.

The variable position model, the rolling regressioodel, and the trade and hold model
all attempt to determine the profitability of tradion a daily basis as well as monthly and yearly
average daily profits. The variable position madises not show evidence of large profits on the
report release day from the raw data. Using nanpatric regression shows an upward trend in
the relationship between profits and the days wegibrt. Conversely, the trade and hold model
finds an obvious increase in profits on the repeldase day. The three models also produced the
largest profits during the commaodities growing pdriand when important WASDE reports were
released that contained finalized harvest daththfde models show evidence of structural
change that occurred around the year 2008. Thablamposition model and the trade and hold
model show the largest return in profits and prevédidence that the best predictions result from
using less historical data. The rolling regressmadel returns lower profits than the other two
models and when yield data was introduced only e able to return positive daily profits.
This leads to an assumption that the soybean aedtwharkets are very much global markets

that are not greatly influenced by US yield pradictdata.
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CHAPTER V

SUMMARY AND CONCLUSIONS

This research determines the value of a World Adftical Supply and Demand Estimates
(WASDE) report prediction on a daily basis for nitStates corn, soybeans, and wheat. The
WASDE reports include projections that span fromyN@April of the next calendar year. These
projections offer a general estimate of supply emgh information and represent a wide range of

possible values rather than a precise number.

To calculate profits three models are used. Thiebig position model uses a forecast of
the price on the day of a report release. To mizerthe effect of structural change on the model
a weighted average approach to calculate the slogiicient on the model regression estimation
is used. New regressions are developed for eventlmand the intercept coefficient is calibrated
so that the most recent month’s price is estimatétbut error. Then a trading signal determines
the buy sell position depending on whether theiptesvday’s closing price was above or below
the price forecast. The rolling regression modgédnines the optimal amount of historical data
to include in the regression for the price forecadte number of observations included in the
regression is varied from 12, 24, 36, 48, and &®nolations. Similar to the variable position
model, the rolling regression model produces aefiocecast that is used to determine the

buy/sell position. The trade and hold model redwarbuy/sell indicator based on whether ending
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stocks went down or up.

For the wheat model a weighted closing price isluséhis weighted closing price
consists of weighting the futures prices from tiECsoft red wheat contract, the KCBT hard
red winter wheat contract, and the MGEX hard rathgpvheat contract by their respective
production yield estimates as reported in the WASDIEat by class reports. This closing price
represents the change in prices that the thresedad wheat experience from the release of a
WASDE US wheat projection. Using one exchangeepriould only represent the WASDE's

effect on the major class of wheat traded on tkeh@&nge.

The profits from the model calculations are weighising estimated generalized least
squares. This accounts for periods of increastatility to make the profits comparable across
the entire data set. Without this weighting regaatket activity would likely overshadow

previous market conditions.

The results of these models indicate that it iseyofitable to trade the WASDE report
release days than other days throughout the mdftits is because of the dramatic effect the
information in these reports has on market priclsere is a relatively steady return to trading
over the course of a report month along with afatoise in the profits. This suggests that it is
unfavorable to trade a long way from the repotthasmajority of the profits can be realized on
the report release day without subjecting a tréale@ndue risk in the market. Some of these risks
are due to other information outlets such as vargmvernment reports that are released during

the month that can affect markets independenteofMASDE reports.

Two methods of price forecasting are tested inrdggarch. The variable position model
includes a regression on ending stocks that lineéts information by using a moving average

slope coefficient. Old information is limited toet last slope coefficient of the previous year

29



while new information is gradually introduced iritee model. This model is very good at
incorporating new information into the regressinmider to account for structural change
quickly. The rolling regression model uses enditogks information and predicted yield. The
purpose of this model is to determine if older infiation could increase the forecasting power of
the regression. Observations included in the macdel 2, 24, 36, 48, and 60. This is equivalent
to using one year to five years of information.cltaew report is added and the oldest report was
dropped which rolls the regression over every motthding stocks information proves much
more efficient at predicting futures prices thaa piedicted yield information. Corn is profitable
with both methods but soybeans and wheat retumnleer profits with predicted yield

information. Some reasons for this include thatitfiormation is of United States yield and
soybeans and wheat are influenced by the world ehatldnited States yield information does not
influence prices enough to make an accurate prediof price with that information alone. On
average the variable position model is more priofidghan the rolling regression model with the
exception of wheat. This makes a case for usimgwery recent information in a price forecast.
Using old information restricts the model and doesallow it to react to changes in market
structure and price volatility. Wheat returns agest profits with five years of ending stocks
data, while this may just be noise in the profltakation, it could be evidence that wheat has not

responded to market influences in the same way aotdnsoybeans do.

The three commaodities return different resultsgiarfitability by WASDE report month.
This is due to crop growing periods and the weadinereconomic conditions that they encounter
during this time. All commodities experienced ie&sed profitability in the summer months.
This is due to the fragile nature of the crop duitime hot summer months and the weather
conditions during this time greatly affect the putal yield of the harvested crop. Also, itis
observed that traditional important crop reportthatend of a WASDE projection year are

profitable to trade. This is attributed to theafinred ending stocks information that comes from
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these reports that are considered very accuratetgrs. One observation that can be made is
that it is most profitable to trade when the cropti the peak of its growing cycle, and when final
harvest numbers are gathered and deemed acciitederest of the WASDE projection year does

not contain very profitable information to a trat¢iging to predict WASDE report information.

Evidence of structural change is observed forma##é commodities when the average
daily profits were sorted by the WASDE projectiaray they were observed in. Increased profits
and price volatility occurs around the years 200d 2008. Some have attributed this to index
funds, ethanol mandates, and overall tighter sappiihich increase the price volatility of
commodities. This is evidence that price forecasthodels will need to be capable of limiting
old information in order to account for this chan@éde market is behaving differently now so

old trends will not be very successful at predigtinture events.

This research determines that it is profitableadé the WASDE report based on
knowing the report information early. It does agpthat a majority of the profits are realized on
the report day and that there is a steady retutratting during the report month. While it can be
profitable to trade even thirty-one calendar dayayafrom the report release, the profits are very
noisy and traders would be subjecting themselvest@me risk due to the influence of other
information sources causing market movement througthe month. Knowing only ending
stocks or predicted yield does not provide enougliptive power for a forecasted price to
capture a majority of the market movement. Mommglex price forecasting models are needed
to account for market movement as ending stockpagdicted yield account for a small yet very
important portion of this movement. Trading clos¢he report, during the growing season, and
trading historically important WASDE reports thantain finalized information are the keys to

maximizing trading profitability.
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TABLES AND FIGURES

Table 1. US Corn Average Daily Profit Cents/Bushel
by Days Until Report

Days Until Trade and Hold Variable Position
Report Profit t-Value  Profit t-Value
0 1.03 3.44 0.49 1.34
1 0.10 0.44 0.05 0.21
2 0.00 0.00 0.22 0.90
3 0.01 0.04 -0.15 -0.46
4 0.26 0.84 0.26 0.75
5 0.20 0.71 0.36 1.25
6 0.27 1.14 0.04 0.15
7 0.32 1.38 0.55 2.28
8 0.34 1.42 -0.10 -0.38
9 0.54 1.67 0.48 1.43
10 0.25 0.79 0.43 1.24
11 0.85 2.55 0.13 0.35
12 0.96 2.61 0.32 0.77
13 0.23 1.07 0.27 1.18
14 0.05 0.20 0.21 0.87
15 0.64 2.65 0.20 0.76
16 -0.70 -2.52 0.26 0.87
17 -0.20 -0.68 0.31 0.98
18 0.26 0.95 -0.13  -0.45
19 0.12 0.45 0.13 0.42
20 0.61 2.39 0.45 1.59
21 0.78 3.60 0.33 1.34
22 0.60 2.39 0.34 1.21
23 -0.13 -0.48 -0.01 -0.05
24 0.27 0.86 0.37 1.04
25 0.25 0.84 -0.06 -0.16
26 0.10 0.33 -0.06 -0.19
27 0.23 1.07 -0.01 -0.03
28 0.29 1.21 0.05 0.18
29 0.76 2.28 0.65 1.63
30 0.95 1.44 0.88 1.19
31 -0.55 -0.93 -0.25 -0.34

35



Table 2. US Soybeans Average Daily Profit
Cents/Bushel by Days Until Report

Days Until  Trade and Hold Variable Position

Report Profit t-Value Profit  t-Value
0 244 3.60 1.05 1.18
1 0.73 1.29 0.13 0.20
2 0.71 1.16 0.80 1.17
3 0.17 0.23 -1.22  -1.50
4 0.95 1.18 0.24 0.24
5 0.72 0.98 2.18 2.68
6 0.13 0.23 0.11 0.18
7 0.39 0.70 0.18 0.28
8 0.53 0.91 -0.29 -043
9 0.32 0.40 -0.28 -0.33
10 0.84 1.20 0.68 0.84
11 2.38 3.21 0.29 0.32
12 0.84 0.98 -0.65 -0.65
13 0.75 1.24 1.99 2.92
14 -0.19 -0.38 0.00 0.01
15 0.81 1.42 0.65 0.99
16 -0.19 -0.27 0.12 0.16
17 -0.06 -0.08 -0.22  -0.28
18 0.87 1.23 -0.60 -0.71
19 0.45 0.66 -0.21  -0.27
20 -0.73  -1.27 0.02 0.03
21 0.89 1.77 1.14 1.90
22 0.36 0.60 0.24 0.33
23 -0.64 -1.04 -0.63  -0.87
24 0.05 0.07 -0.35 -0.39
25 0.37 0.52 -0.22  -0.24
26 -0.28 -0.38 0.24 0.27
27 0.65 1.24 1.08 1.80
28 0.72 1.23 0.26 0.36
29 -0.17 -0.25 1.00 1.19
30 0.78 0.54 -0.85 -043
31 -1.72  -1.69 -2.30 -1.35
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Table 3. US Wheat Average Daily Profit
Cents/Bushel by Days Until Report

Days Until Trade and Hold Variable Position

Report Profit t-Value Profit  t-Value
0 1.26 3.17 -041 -1.04
1 0.11 0.36 -0.05 -0.16
2 0.04 0.11 -0.68 -1.93
3 -0.56 -1.47 -0.85 -2.44
4 -0.62 -1.25 0.36 0.70
5 0.67 1.57 -0.12 -0.29
6 -0.10 -0.30 0.21 0.63
7 0.09 0.27 0.17 0.52
8 0.65 1.92 -0.56 -1.54
9 0.59 1.46 0.10 0.26
10 0.16 0.40 -0.05 -0.12
11 0.75 1.57 -0.84 -1.73
12 -0.13 -0.22 1.18 1.85
13 0.07 0.22 0.52 1.85
14 -0.31 -1.05 0.16 0.57
15 0.61 1.23 -0.09 -0.18
16 -0.36 -0.93 -0.58 -1.52
17 -0.41 -0.99 0.61 1.45
18 0.71 1.88 -0.32 -0.89
19 -0.18 -0.52 -0.72  -2.08
20 1.00 3.44 0.24 0.70
21 0.15 0.59 -0.06 -0.21
22 0.84 2.46 0.39 1.11
23 0.43 1.20 0.53 1.28
24 0.06 0.15 0.07 0.19
25 -0.06 -0.16 0.24 0.67
26 0.19 0.45 0.20 0.49
27 0.05 0.19 -0.45 -1.59
28 -0.14 -0.41 -0.76  -2.17
29 -0.58 -1.59 0.35 0.74
30 123 1.34 1.02 0.95
31 -0.70 -0.88 -0.52  -0.57
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Table 4. US Corn, Soybeans, and Wheat Average Daily Profit Cents/Bushel

Corn Soybeans Wheat
Model Profit t-Value Profit t-Value Profit  t-Value
Trade and Hold 0.33 6.70 0.50 4.29 0.19 2.85
Variable Position  0.22  4.09 0.26 1.90 -0.04  -0.58
Rolling Regression
Ending Stocks
12 Months 0.17 3.55 0.24 1.86 0.02 0.40
24 Months 0.18 3.59 0.23 1.76 0.05 0.89
36 Months 0.16 3.30 0.24 1.89 0.02 0.34
48 Months 0.14 2.65 0.19 1.44 0.02 0.42
60 Months 0.12 2.40 0.18 1.36 0.06 1.05
Yield
12 Months 0.08 1.56 -0.17 -1.30 0.04 0.63
24 Months 0.11 214 -0.12 -0.94 0.00 -0.01
36 Months 0.07 1.43 -0.08 -0.60 -0.09 -1.42
48 Months 0.03 0.65 -0.12 -0.92 -0.05 -0.96
60 Months 0.01 0.21 -0.06 -0.45 -0.04 -0.73

Table 5. US Corn, Soybeans, and Wheat Average Daily Profit Cents/Bushel
Total Market Movement and Perfect Foresight Trading Signal

Corn Soybeans Wheat
Model Profit t-Value Profit t-Value Profit t-Value

Trade and Hold 3.01 7531 7.52 86.49 421 63.22
Variable Position 1.09 20.56 291 21.76 1.24 17.98
Rolling Regression

Ending Stocks

12 Months

24 Months 1.01 21.45

36 Months 272 21.73

48 Months

60 Months 1.20 20.55
Yield

12 Months 1.17 19.29
24 Months 0.97 20.05

36 Months

48 Months

60 Months 2.41 19.43
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Table 6. US Corn Average Daily Profit Cents/Bushel
by WASDE Report Month

WASDE Trade and Hold Model Variable Position Model
Month N Obs Profit t-Value N Obs Profit t-Value

1 772 -0.03 -0.24 751 -0.06 -0.54
2 692 0.19 1.28 659 0.27 1.74
3 669 0.46 3.11 625 0.00 0.00
4 273 0.21 0.89 23 0.16 0.12
5 65 -0.84 -1.93 23 -0.96 -0.97
6 699 0.12 0.81 62 -0.39 -1.06
7 703 0.61 2.77 671 0.65 2.84
8 839 0.76 4.12 838 0.22 1.19
9 802 0.40 2.50 802 0.33 2.01
10 805 0.42 2.48 805 0.30 1.76
11 797 0.51 3.58 797 0.21 1.46
12 784 0.04 0.30 784 0.24 1.72

Table 7. US Corn Average Daily Profit Cents/Bushel by WASDE Report
Month for Total Market Movement and Perfect Foresight

WASDE Trade and Hold Model Variable Position Model
Month N Obs  Profit t-Value N Obs  Profit t-Value
1 772 2.14 22.73 751 0.47 4.19
2 692 2.44 18.70 659 1.08 7.02
3 669 2.62 21.37 625 0.92 6.32
4 273 2.68 15.51 23 0.99 0.75
5 65 2.68 9.17 23 -0.30 -0.30
6 699 2.92 25.39 62 0.63 1.73
7 703 4.24 25.09 671 1.39 6.25
8 839 3.97 29.37 838 1.61 8.96
9 802 3.28 27.48 802 1.19 7.61
10 805 3.18 21.59 805 1.22 7.30
11 797 2.74 22.75 797 1.02 7.28
12 784 2.62 22.51 784 0.96 7.00
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Table 8. US Soybean Average Daily Profit Cents/Bushel
by WASDE Report Month

WASDE Trade and Hold Model Variable Position Model
Month N Obs Profit t-Value NObs Profit t-Value

1 709 0.05 0.14 709 0.63 1.70
2 667 0.63 1.63 666 0.29 0.83
3 776 0.68 1.74 640 -0.25 -0.59
4 311 0.63 1.33 . . .

5 713 -0.18 -0.55 12 -1.00 -0.21
6 731 0.15 0.42 46 0.32 0.25
7 761 190 3.84 724 0.33 0.64
8 817 0.39 0.85 817 -0.56  -1.19
9 802 0.88 2.12 802 0.68 1.66
10 805 0.75 1.79 805 0.14 0.32
11 782 0.29 0.82 782 0.35 1.03
12 765 -0.16 -0.43 763 0.82 2.18

Table 9. US Soybean Average Daily Profit Cents/Bushel by WASDE
Report Month for Total Market Movement and Perfect Foresight

WASDE Trade and Hold Model Variable Position Model
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 709 6.28 25.57 709 2.23 6.11
2 667 6.66 22.47 666 2.23 6.71
3 776 7.16 23.72 640 3.17 7.61
4 311 5.89 16.79 0 . .

5 713 5.98 25.12 12 8.25 2.09
6 731 6.90 25.41 46 0.86 0.69
7 761 9.98 28.85 724 3.62 7.35
8 817 9.52 29.15 817 3.63 7.98
9 802 8.36 28.34 802 2.54 6.29
10 805 7.90 24.54 805 2.96 7.09
11 782 6.85 27.45 782 2.79 8.72
12 765 7.31 26.20 763 2.89 7.98
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Table 10. US Wheat Average Daily Profit Cents/Bushel
by WASDE Report Month

WASDE Trade and Hold Model Variable Position Model
Month N Obs Profit t-Value NObs Profit t-Value
1 798 -0.02 -0.12 771 -0.25 -1.35
2 669 0.26 1.38 636 -0.10 -0.53
3 688 031 1.06 695 -0.28 -1.01
4 199 0.38 0.79 0

5 0 . . 0 . .

6 614 -0.35 -1.60 3 -0.28 -0.11
7 760 031 1.18 645 0.05 0.21
8 839 0.20 0.87 752 0.07 0.34
9 801 045 2.19 801 0.16 0.81
10 803 0.56 2.75 803 -0.12 -0.59
11 798 0.10 0.58 777 0.04 0.23
12 763 -0.16 -0.90 784 0.08 0.42

Table 11. US Wheat Average Daily Profit Cents/Bushel by WASDE
Report Month for Total Market Movement and Perfect Foresight

WASDE Trade and Hold Model Variable Position Model
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 798 3.58 22.08 771 0.66 3.55
2 669 3.74 19.41 636 1.46 7.63
3 688 4.68 13.35 695 1.09 3.94
4 199 4.08 6.88 3 -0.28 -0.11
5 0 . . 0

6 614 4.20 19.84 0 . .

7 760 491 21.88 645 1.64 6.79
8 839 4.65 23.67 752 1.32 6.31
9 801 4.37 23.41 801 1.39 7.07
10 803 4.32 21.87 803 1.48 7.47
11 798 3.90 22.06 777 1.26 7.26
12 763 3.80 21.54 784 1.15 5.98
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Table 12. US Corn Average Daily Profit Cents/Bushel
by Days Until Report for Rolling Regression Model

Days Ending Stocks Predicted Yield
Until 24 Months 24 Months
Report Profit t-Value Profit t-Value
0 0.56 1.75 0.60 1.68
1 -0.15 -0.67 -0.19 -0.86
2 0.05 0.20 -0.09 -0.40
3 -0.02 -0.09 -0.13 -0.49
4 -0.28 -0.94 -0.03 -0.09
5 0.32 1.17 0.21 0.77
6 0.12 0.55 0.23 0.95
7 0.48 2.19 0.04 0.16
8 0.36 1.54 0.55 2.30
9 0.48 1.50 0.45 1.35
10 0.23 0.80 0.09 0.28
11 0.25 0.75 0.29 0.83
12 0.34 0.95 0.09 0.23
13 0.14 0.68 0.16 0.77
14 0.16 0.76 -0.02 -0.08
15 0.16 0.73 -0.19 -0.84
16 -0.13 -0.47 0.09 0.33
17 0.34 1.26 -0.04 -0.14
18 -0.25 -0.96 -0.03 -0.10
19 -0.19 -0.75 -0.21 -0.73
20 0.60 2.37 0.21 0.74
21 0.24 1.10 0.29 1.29
22 0.11 0.42 0.18 0.69
23 -0.47 -1.76 -0.46 -1.82
24 0.28 0.86 0.42 1.33
25 0.29 0.93 0.37 1.16
26 0.26 0.89 -0.27 -0.87
27 0.20 0.84 0.24 1.01
28 0.22 0.74 -0.26 -1.02
29 -0.09 -0.22 0.48 1.27
30 0.49 0.50 0.24 0.31
31 0.18 0.64 0.00 0.00
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Table 13. US Soybeans Average Daily Profit Cents/Bushel
by Days Until Report for Rolling Regression Model

Days Ending Stocks Predicted Yield
Until 36 Months 60 Months
Report Profit t-Value Profit t-Value
0 0.22 0.28 0.18 0.22
1 -0.92 -1.45 -1.14 -2.10
2 0.86 1.37 0.19 0.36
3 -1.75 -2.24 -1.01 -1.34
4 1.78 2.00 1.09 1.18
5 2.72 3.59 0.92 1.23
6 -0.38 -0.63 0.22 0.38
7 0.25 0.42 -0.12 -0.20
8 0.35 0.56 0.43 0.71
9 -0.81 -0.99 -1.29 -1.69
10 0.43 0.55 0.08 0.11
11 -0.18 -0.22 -0.23 -0.26
12 -0.67 -0.74 -0.57 -0.61
13 1.11 1.72 2.29 3.69
14 0.59 1.10 0.12 0.23
15 0.47 0.74 -0.27 -0.45
16 0.47 0.60 0.03 0.04
17 -0.01 -0.01 0.04 0.05
18 0.52 0.68 -0.37 -0.50
19 0.37 0.52 -0.62 -0.78
20 0.22 0.36 0.11 0.17
21 0.23 0.40 0.05 0.09
22 0.63 0.93 -0.12 -0.18
23 -0.62 -0.90 0.12 0.19
24 0.32 0.38 -0.78 -0.94
25 0.28 0.34 -1.99 -2.26
26 0.66 0.83 0.78 0.90
27 1.36 2.42 0.56 0.92
28 -0.25 -0.37 -0.61 -0.89
29 0.49 0.64 0.23 0.27
30 -1.25 -0.70 -0.55 -0.31
31 -2.32 -1.40 -1.99 -1.14
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Table 14. US Wheat Average Daily Profit Cents/Bushel
by Days Until Report for Rolling Regression Model

Days Ending Stocks Predicted Yield
Until 60 Months 12 Months
Report Profit t-Value Profit t-Value
0 0.23 0.79 -0.39 -1.07
1 -0.12 -0.45 -0.02 -0.05
2 0.21 0.74 -0.14 -0.45
3 -0.47 -1.49 -0.60 -1.88
4 -0.04 -0.11 0.05 0.12
5 0.40 1.19 -0.23 -0.63
6 -0.31 -1.14 0.50 1.60
7 0.32 1.13 -0.29 -0.95
8 0.02 0.07 -0.30 -1.00
9 -0.24 -0.70 0.49 1.44
10 0.17 0.53 -0.07 -0.19
11 -0.08 -0.21 -0.11 -0.28
12 0.38 0.72 0.97 1.64
13 0.13 0.50 0.71 2.93
14 0.42 1.61 0.22 0.84
15 0.01 0.02 -0.55 -1.25
16 -0.09 -0.26 -0.27 -0.78
17 -0.20 -0.69 -0.04 -0.13
18 -0.14 -0.50 -0.02 -0.05
19 -0.50 -1.64 -0.08 -0.23
20 0.12 0.52 0.13 0.48
21 -0.24 -1.03 -0.16 -0.64
22 0.52 1.57 0.37 1.15
23 0.19 0.58 0.53 1.72
24 0.22 0.65 0.20 0.63
25 -0.35 -1.21 0.50 1.58
26 0.14 0.39 0.08 0.21
27 0.07 0.27 0.20 0.87
28 0.01 0.05 0.15 0.48
29 0.85 2.13 -0.02 -0.05
30 0.19 0.21 0.71 0.81
31 -0.20 -0.37 -1.79 -2.06
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Table 15. US Corn Average Daily Profit Cents/Bushel
by WASDE Report Month for Rolling Regression Model

WASDE Ending Stocks 24 Months Predicted Yield 24 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 731 -0.04 -0.40 731 -0.15 -1.38
2 659 0.34 2.29 659 0.17 1.19
3 604 0.07 0.46 604 -0.14  -0.98
4 21 0.29 0.60 0

5 43 0.71 1.56 0 . .

6 655 0.13 0.86 395 0.29 1.21
7 682 0.28 1.26 416 0.02 0.07
8 794 -0.17 -0.99 550 0.39 1.81
9 759 0.37 2.47 748 0.42 2.78
10 762 0.31 1.94 762 0.21 14
11 757 0.30 2.17 757 0.06 0.45
12 741 0.12 0.92 741 -0.12  -0.92

Table 16. US Corn Average Daily Profit Cents/Bushel by WASDE Report
Month for Rolling Regression Model Under Perfect Foresight

WASDE Ending Stocks 24 Months Predicted Yield 24 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 731 0.46 4.40 731 0.51 4.97
2 659 0.95 6.71 659 0.94 6.87
3 604 0.90 6.20 604 0.85 6.30
4 21 0.48 1.02 0

5 43 0.70 1.52 0 . .

6 655 0.97 6.58 395 1.18 5.01
7 682 1.46 6.75 416 141 4.62
8 794 1.44 8.52 550 1.28 6.14
9 759 1.11 7.69 748 1.14 7.97
10 762 1.06 6.78 762 1.04 7.11
11 757 0.92 6.95 757 0.94 7.37
12 741 0.92 7.28 741 0.88 7.30
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Table 17. US Soybean Average Daily Profit Cents/Bushel
by WASDE Report Month for Rolling Regression Model

WASDE Ending Stocks 36 Months Predicted Yield 60 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 687 0.09 0.28 643 -0.09 -0.28
2 646 0.55 1.42 616 0.42 1.21
3 642 -0.12 -0.30 586 -0.77  -2.10
4 0 . . 0

5 17 0.57 0.31 0 . .

6 658 -0.15 -0.39 375 -0.75 -1.40
7 682 0.65 1.27 395 -1.10  -1.69
8 750 -0.46  -0.98 445 -0.87 -1.56
9 718 0.77 1.83 640 1.36 3.19
10 718 0.27 0.64 654 -0.34  -0.86
11 701 0.45 1.32 639 0.09 0.29
12 699 0.38 1.03 640 -0.04 -0.10

Table 18. US Soybean Average Daily Profit Cents/Bushel by WASDE
Report Month for Rolling Regression Model Under Perfect Foresight

WASDE Ending Stocks 36 Months Predicted Yield 60 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 687 1.72 5.30 643 1.52 5.03
2 646 2.65 7.13 616 2.05 6.07
3 642 3.12 8.02 586 2.58 7.22
4 0 . . 0

5 17 0.57 0.31 0 . .

6 658 2.51 6.86 375 2.84 5.52
7 682 3.22 6.44 395 3.77 6.00
8 750 3.16 6.95 445 3.09 5.69
9 718 2.53 6.15 640 2.29 5.45
10 718 2.67 6.54 654 2.35 5.99
11 701 2.80 8.50 639 2.54 8.22
12 699 2.88 8.05 640 2.49 7.48
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Table 19. US Wheat Average Daily Profit Cents/Bushel by WASDE
Report Month for Rolling Regression Model

WASDE Ending Stocks 60 Months Predicted Yield 12 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 622 0.08 0.60 748 0.06 0.39
2 598 0.10 0.60 636 -0.33  -1.84
3 566 -0.14 -0.55 653 -0.25 -1.02
4 0 3 -0.31  -0.13
5 0 . . 0 . .

6 623 -0.52 -2.70 415 0.77 2.32
7 624 0.24 1.08 457 0.85 2.62
8 685 0.02 0.13 556 0.03 0.11
9 651 0.53 2.86 758 0.1 0.59
10 653 -0.04 -0.23 760 0.13 0.82
11 658 0.06 0.36 757 0.16 1.06
12 642 0.20 1.35 742 -0.2 -1.31

Table 20. US Wheat Average Daily Profit Cents/Bushel by WASDE
Report Month for Rolling Regression Model Under Perfect Foresight

WASDE Ending Stocks 60 Months Predicted Yield 12 Months
Month N Obs Profit  t-Value N Obs Profit  t-Value
1 622 0.75 5.17 748 0.91 6.32
2 598 1.12 6.87 636 1.32 7.61
3 566 1.36 5.17 653 1.30 5.22
4 0 3 -0.31 -0.13
5 0 . . 0 . .

6 623 1.39 7.24 415 1.38 4.16
7 624 1.64 7.50 457 1.88 5.87
8 685 1.30 6.99 556 1.16 4.77
9 651 1.55 8.51 758 1.20 7.32
10 653 1.14 6.68 760 1.02 6.36
11 658 0.83 5.22 757 1.07 6.97
12 642 0.98 6.37 742 1.19 7.74
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Figure 1. US Corn Final Intercept Coefficient for WASDE Projection Year Variable Position
Model
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Figure 2. US Corn Final Slope Coefficient for WASDE Projection Year Variable Position Model

Slope Coefficient

1000000 -~ [

900000 -
800000 -
700000 -
600000 -
500000 -
400000 -

300000 - o ©
200000 - °

o
100000 - ° * (]

[ [ ]
oo Ceo o o, o...
0 ﬂ_l_l.l_|_|_|_|_l_|!|.l_l_|.l_|‘| UL L L L L L L L |’| T

1975 1980 1985 1990 1995 2000 2005 2010

Year

48



Figure 3. US Soybeans Final Intercept Coefficient of WASDE Projection Year Variable Position
Model
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Figure 4. US Soybeans Final Slope Coefficient of WASDE Projection Year Variable Position
Model
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Figure 5. US Wheat Final Intercept Coefficient for WASDE Projection Year Variable Position
Model
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Figure 6. US Wheat Final Wheat Slope Coefficient for WASDE Projection Year Variable
Position Model
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Figure 7. US Wheat Final Corn Slope Coefficient for WASDE Projection Year Variable Position
Model
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Figure 8. US Corn Average Daily Profit Cents/Bu. for Trade and Hold Model by Year
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Figure 9. US Corn Average Daily Profit Cents/Bu. for Variable Position Model by Year
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Figure 10. US Soybeans Average Daily Profit Cents/Bu. for Trade and Hold Model by Year
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Figure 11. US Soybeans Average Daily Profit Cents/Bu. for Variable Position Model by Year
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Figure 12. US Wheat Average Daily Profit Cents/Bu. for Trade and Hold Model by Year
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Figure 13. US Wheat Average Daily Profit Cents/Bu. for Variable Position Model by Year
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Figure 14. US Corn Daily Profit for Variable Position M odel from Nonparametric
Regression
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Figure 15. US Soybean Daily Profit for Variable Position M odel from Nonparametric
Regression
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Figure 16. US Wheat Profit for Variable Position Mode from Nonparametric Regression
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APPENDIX

Figure 17. US Corn Variable Position Model SAS Code

DM 'log; clear; output; clear;';
proc dat aset s library=work kill;
run;

quit;

dat a WasdelML; set wasde.Us_Corn_no_corrections(drop=f2
if ending_stocks__total = . then delete;

9-f184);

if substr(marketing_year, 1, 1) = 1 then Cropyr=marketing_year;
if substr(marketing_year, 1, 1) = 2 then Cropyr=marketing_year;

retain Cropyr;

format date mmddyy.;

Year=substr(cropyr, 6, 2)* 1;

if year It 50 then year=  2000+year;
else year= 1900+year;

output;

proc sort; by year Date;

*sorts WasdelML by year and date;

proc sort data=futprice.c_h out=Corniml; by year Date;
*creates a data set called CornIML and sorts by yea

dat a Corniml1; set Corniml;

if year It 50 then year=  2000+year;
else year= 1900+year;
output;

proc sort; by year date;

dat a CornpricelML;

merge CornIML1 WasdelML; by year date;

if Ending_stocks__total= . then delete;
if close= . then delete;

proc sort; by year date;

dat a RegCornIML;

set CornpricelML;

if year ne lag(year) then obs= 1;
output;

obs=obs+ 1;

retain obs;
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proc in;

use RegCornIML var {close Ending_stocks__total obs year};
read all;

n=nrow(close);

forecast =j(n, 1, 0);

storebeta = j(n, 2,0);

lastprice = j(n, 1, 0);

nextprice = j(n, 1, 0);

beta=j( 2,1,0);

beta] 2,]=- .002;

doii= 1lton;

if obsii,]= 1 then oldbetal=beta[ 1]

if obsii,]= 1 then oldbeta2=beta[ 2.5

if obsii,]>= 2 then do;

x= j(obslii,], 1L, D 1/Ending_stocks__total[(ii-obsii,]+ 1):ii,];
y= close[(ii-obsii,]+ 1):ii,];

beta=ginv(x *X)*x"*y;
ifbetal] 2,]< 0 then beta] 2]= 0;

if obgii,] <= 10 then beta[ 2,]=(obgii,)/ 10)*beta] 2,]+( 1-
obsii,])/ 10)*oldbeta?2;

beta[ 1,]=y[obs]ii,],]-beta] 2,]*x[obs]ii,], 2];

if ii < n then do;

if (yearfii+ 1,] = year]ii,]) then do;

forecast][ii,] = beta[ 1,]+beta] 2,]/Ending_stocks__total[ii+ 1]

*forecast][ii,] = close[ii+1];

storebetalii,] = t(beta);

lastpricelii,] = closelii,];

nextpricelii,] = closel[ii+ 1]

end;

end;

end;

end;

outdata=forecast || storebeta || lastprice || nextp rice;
print outdata;

create predictiml from outdata [colname={"forecast" "beta0" "betal"
"lastprice” "nextprice"}];

append from outdata;

close predictiml;

stop;

dat a predictiml1;
merge predictiml regcorniml;

dat a predictiml2;

merge predictimll cornimll;
by year date;

proc sort; by Date;

dat a CornPredict;

set predictiml2;
error=close-forecast;

if forecast= 0 then delete;
proc sort;

by year date;
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run;

proc gpl ot data=Cornpredict;
Title 'US Corn Close/Date Forecast/Date Error/Date’
symboll interpol=join

value=point
cv=red
line= 1;
symbol2 interpol=join
value=point
cv=green
line= 2;
symbol3 interpol=join
value=point
cv=blue
line= 3;
plot close*date
forecast*date
error*date
/ overlay legend;
run;

dat a cornplotbeta2; set predictiml1;
lagbetaO=Ilag(betaO);
lagbetal=Ilag(betal);

run;

dat a cornplotbetal; set cornplotbeta?;
lagbetaO=Ilag(lagbeta0);
lagbetal=Ilag(lagbetal);

run;

dat a cornplotbeta; set cornplotbetal;

if year ne lag(year) then olbetaO=lagbetaO;
if year ne lag(year) then olbetal=lagbetal;
betayear=lag(year);

run;

proc gpl ot data=cornplotbeta;
Title 'US Corn Final Intercept Coefficient per Year
symboll interpol=join
value=point
cv=black
line= 1;
plot oldbetaO*date
/overlay legend;
run;

proc gpl ot data=cornplotbeta;
Title 'US Corn Last Slope Coefficient For Every Yea
symboll interpol=join

value=point

cv=black

line= 1;

59



plot oldbetal*date
/overlay legend;
run;

dat a Cornprofiml;

set Cornpredict;

by year date;

if close = . then delete;

*deletes data without a close number;

if forecast ne . then price_forecast=forecast;

if price_forecast = . then price_forecast=lag(price_forecast);
if year ne lag(year) then price_forecast = o
retain price_forecast;

position=(- 1)**(price_forecast<close);

if year ne lag(year) then position= o
*prevents trade across contract years;

run;

dat a Cornprice;
set Cornprofiml;
format Next_Date mmddyy.;

if position ne . then Buysell=Position;
closedif=dif(close);
if Next_Report_Date ne . then Next_Date=Next_Report_Date;

retain Next_Date;

days=Next_Date-date;

if price_forecast = 0 then buysell= .
proc sort; by year date;

dat a Profit; set Cornprice;
by year date;
month=month(next_date);

if price_forecast > close then buysell = 1,
else buysell = - 1;
if price_forecast = . then buysell = .

lagbuysell = lag(buysell);
profit=closedif*lagbuysell;

if lag(next_date)ne next_date then do;
days= 0;

end;

run;

dat a CornProfitFinal; set Profit;

if price_forecast= . then delete;
if profit = . then delete;

if days > 31 then delete;

if days < 0 then delete;
lagdays=lag(days);

if lagdays=days then profit= o
proc sort; by year date;

run;

proc reg;

model profit=;
output r=resid out=cornprofitfinal;
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dat a cornprofitfinal; set cornprofitfinal;
E2=log(resid*resid);

proc reg;

model E2=year;

output p=ehat out=cornprofitfinal;

dat a cornprofitfinal; set cornprofitfinal;
WT=/exp(Ehat);

run;

proc neans mean sum std min max t probt maxdec= 2 fw= 6;
Title "Average Corn Trade and Hold Model Daily Prof it";
Title2 "Variable Profit";

var Profit;

weight wt;

run;

proc neans mean sum std min max t probt maxdec= 2 fw= 6;
Title3 "Class=Days Til Report";

var Profit;

class days ;

weight wt;

run;

proc neans mean sum std min max t probt maxdec= 2 fw= 6;
Title3 "Class=Month";

class month;

var profit;

weight wt;

run;

proc neans mean sum std min max t probt maxdec= 2 fw= 6;
Title3 "Class=Year";

class year;

var profit;

weight wt;

run;

dat a Test;

set cornprofitfinal;
m=month(date);
run;

Wi

Proc GAM procedure to graph smoothed
profit on days till report release

LTI VLRV ALV

ODS GRAPHICS ON;
PROC GAMDATA = CornProfitFinal;

MODEL profit = loess(days,DF= 3);
OUTPUT OUT = CornProfitperday PRED ADIAG;
RUN;

PROC SORT DATA=CornProfitperday(KEEP=Profit days p_profit p_
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OUT=PPD;
BY Days;
DATA PLOT; MERGE PPD;
if days > 25 then delete;
PROC STANDARD M=0 S=1 DATA=PLOT OUT=PLOT,;
VAR profit; RUN;
LEGEND1 FRAME CFRAME=WHITE CBORDER=NONE LABEL=NONESITION=CENTER;
AXIS1 LABEL=(ANGLE= 90 ROTATE=0 "Profit Cents/Bushel");
AX1S2 MINOR=NONE LABEL=("Days Until Report");
SYMBOL1 COLOR=BLACK INTERPOL=JOIN VALUE=NONE LINE%;
PROC GPLOT DATA=PLOT;
TITLE 'US Corn Daily Profit';
PLOT p_profit*days = 1/OVERLAY nolegend noframe
CFRAME=WHITE VAXIS=AXIS1 HAXIS=AXIS2;

run;

quit;
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