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Abstract

What explains the surge and plunge commodity markets
have undergone in the past 20 years? Are speculators to
be blamed? Do prices reflect full information? These are
the main questions addressed in this paper, in the context
of the corn market. This paper formulates and calibrates
two quantitative models of corn prices formation. The first
model is designed to explain prices in the long run (annual
frequency), while the second model applies to prices in the
short run (quarterly frequency). For the long-run analysis,
the paper finds that deviations of theoretical prices from
observed ones are very small after 1996, and before 1996
they can be explained by government intervention. For
the short-run analysis, the model is designed to mimic the

typical seasonality seen in agricultural markets, incorporate
supply and demand shocks as well as news shocks, and
allows for speculative storage decisions. The paper finds that
demand and supply fundamentals can account for around
52 percent of past price changes from 1975 to 2016. The
model also estimates the impact of information shocks to
explain an additional 18 percent of quarterly deviations.
Finally, it finds that at least 30 percent of short-run price
changes seem to have explanations other than supply or
demand fundamentals or information, demonstrating that
when analyzing quarterly data, prices do not always closely
track fundamentals.
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1 Introduction

The objective of this paper is to study the fundamental and non fundamental determinants of com-
modity prices over the past decades. The analysis specifically focuses on corn markets, for several
reasons. Corn and soybeans are the main agricultural commodities in terms of production market
value. They are the most traded contracts in futures market (next to cotton and wheat). Also, the
US is the world leader in corn production, consumption and exports. It plays a significant role in
several states and sectors of the US economy, to the point where it has been considered a strategic
sector for the US government for a long time. Prior to 1995, the US federal government would
regularly intervene in these markets, usually seeking to guarantee minimum prices for producers
by buying production. In more recent years, the government has shifted its intervention towards
the demand side by incorporating biofuel mandates instead. Fither policy signals this sector’s
importance to policymakers even until today.

This paper compares prices defined by fundamentals versus observed prices. It defines fun-
damental determinants of price as demand and supply shocks. These may be either current or
future. Future demand and supply shocks affect current prices through information shocks (agents
acknowledge that shocks will occur in the future) that change current inventory holding decisions.
This paper is divided into two parts. The first part studies the current determinants of corn prices
at an annual frequency, while the second part studies the short-run, cyclical determinants. The
first section determines how annual prices would have changed solely based on current demand and
supply shocks. The reason for this is simplicity: the paper shows that even when focusing only
on current shocks, the model fits the data very well. Any additional feature would only increase
the performance of the model, thus making my results only stronger. The second part constructs
theoretical prices at a quarterly frequency. Given that supply is zero in some quarters, the model
introduces inventory purchases as part of the market. Given that inventory purchases are made
within a profit maximizing scheme, expectations, and therefore future shocks through informa-
tion, start playing a key role. The paper hence introduces in this section future shocks as part of
fundamental-determined prices.

More specifically, in the annual model, the paper analyzes the long-run price trend from 1975

to 2015. It then simulates a theoretical price time series, defined as the price such that each



year’s demand matches supply or, in other words, a price such that inventory variations are zero.
Moreover, it is even possible to assume that inventories could reach zero at the end of the year,
given that, in practice, in the last quarter it usually reaches very low values with respect to harvest
size. It proceeds to compare these theoretical prices with observed ones and estimate the difference,
and find that after 1996, differences are small and do not last more than a year or two. Additionally,
this document finds that the increase in price levels in the 2000s seems to be explained mostly by
the presence of an increasing demand for bioethanol.

In the quarterly model, it follows a market structure that mimics the typical seasonality seen
in agriculture markets ( with production occurring only during one quarter). Given that the time
lapse between decisions is shorter, it also allows for information shocks to occur by introducing
them to the agent’s expectations through private and public signals. Results show that around
70% of price volatility can be explained through the shocks cited above, leaving a 30% measured
space for other non fundamental sources of variation.

Regarding model specifics, the long run case assumes isoelastic forms D; = Z;p, for demand
and S; = Ayp] for supply, the first term represents (exogenous) levels and the second term the
endogenous response to price with the respective elasticity. Therefore, shocks are captured as
changes in Z;, A;. These will be defined as the current fundamental source of price changes. Time
series for these variables can be obtained using USDA corn usage and production data. They are
then integrated into a market clearing equation with no storage decisions. The short run case
considers demand as a whole aggregate and assume identical isoelastic functions for both demand
and supply, as before. The model is linearized, calibrated and simulated with real shocks as inputs.
It then estimates the impact of different shocks (demand, supply, and information) on price changes
and quantifies them.

One additional analysis that results from this paper is related to the issue of prices’ being fully
informative and appropriate for business-cycle measurement. Romer (2006) raises this question and
shows evidence of firms that do not always behave in profit-maximing ways by analyzing the case for
professional football teams. This paper shows that although in the long run, prices seem to be very
close to fundamentals, when going to a quarterly frequency, market prices can sometimes be very far
away—as much as 50%—from them. These results are in line with Hussman (1992), who shows that

once imprecise signals are introduced in a rational expectations framework, market prices become



inefficient in transmitting information. Because corn markets are considered to be well-functioning
markets, in the sense that prices and transactions are transparent, centralized, and very liquid,
it is surprising and interesting to find that they might not always behave as one would expect
in a classical supply-demand model with inventories and utility and profit-maximizing agents.
This raises several relevant questions regarding macroeconomics, financial markets and industrial
organization. First, if a very well developed market fails to deliver fully informative prices, what can
then be said regarding other markets, where illiquidity, information asymmetry and search costs
are more relevant? Moreover, since these results are found for quarterly data, the implications for
business-cycle accounting could be important. In several developing countries commodity markets
such as corn have a significant impact on overall GDP and exports. If the prices that are being
used for measurement are not market-clearing ones, important distortions could be taking place.
Also, since annual prices do not differ from fundamentals as much as quarterly ones do, another
potential question arises: Should we produce national accounts using prices measured at quarterly,
annual, or some other frequency? How much time do markets need to become fully informative?
Many business-cycle theorists believe that shocks on the real side of the economy, such as shocks to
TFP and commodity prices, trigger and propagate economic fluctuations. Commodity price shocks
clearly play important roles in developing nations today, particularly resource exporters and have
also played a large role in economic fluctuations in the past. Economists and policy makers believed,
for example, that the commodity-price declines in the late 1920s and early 1930s contributed to
the length and severity of the Great Depression. In 1933, the Roosevelt administration’s efforts to
raise commodity prices, particularly prices of farm products like corn, formed the centerpiece of its
efforts to resurrect the economy. These results have implications for the sources of shocks and the
accuracy of the interpretation of the shocks derived from RBC models. Given that productivity
is a key driver of the cycle, a price system that does not track fundamentals closely could result
in inefficient resource allocations, or in other words, aggregate productivity losses. Therefore the
implications of these findings are relevant regarding short-term business cycles. In the short run
(at business-cycle frequencies), the majority of commodity price shocks do not reflect supply and
demand, but could instead be affected by speculative factors. These distortions could have a
significant impact on commodity producing economies.

This paper is divided into four sections. The first section introduces and explains the main



structure of the paper and its relationship with the literature. It also applies a standard empirical
approach used in the literature for oil markets to corn, to motivate and provide a benchmark for
the models. Section 2 presents the low-frequency model and its results. Section 3 presents the

high-frequency model, calibration, and estimation results. Section 4 summarizes and concludes.

1.1 Literature Review

This paper, therefore, contributes to the literature in three respects: first, it tests the hypothesis
that the spike in commodity prices was due to by non fundamental reasons, but focuses on a less
explored market, since most of the literature has focused on oil markets. Second, it adds a new
feature to high-frequency analysis: information shocks. This paper quantifies the historical impact
of information shocks by incorporating USDA reports as a source of information. Additionally,
it estimates private signals and their impact on prices, showing that when it comes to quarterly
analysis, they are a relevant source of volatility. Third, it decomposes price changes per source of
change—that is, it estimates the impact of each variable change each year, from 1975 to 2015, and
therefore offers alternative explanations for the observed change in prices in past years. This also
allows to estimate the fraction of prices that cannot be explained by fundamental or information
factors, leaving a measured space for further research.

Some papers have already attempted to use competitive models to study these markets. Roberts
and Tran (2012) use a competitive model to estimate the role ethanol mandates in corn prices,
finding they can account for 11 to 0 percent of food price increase between 2005 and 2011. Zhou
and Babcock (2017) use a model to estimate the role of hypotheically reducing biofuel mandates
on prices. Mallory et al (2012) use this approach to link ethanol and corn markets, finding that
under certain conditions, future price expectations can influence nearby futures across each other.
Tegene et al (1988) make use of this method to estimate long-run price elasticity of corn acreage,
finding it to be 0.2.

More generally, the literature has also examined whether commodity markets have been altered
for non fundamental factors in the past decades, such as financial speculation. For instance, in
energy markets results tend to indicate small or null effects of speculation on oil prices. In their
canonical paper, Kilian and Murphy (2014) develop a VAR model with speculative demand shocks

and contrast it with recent oil inventory data and find no basis for speculation’s being blamed for



the 2003-2008 price period. They do, however, find it plausible that there was some influence in
previous years 1979, 1986, and 1990. Knitell and Pyndick (2016) analyze the oil market using a
simple static partial equilibrium model with inventory markets and again find no relation between
speculation and the oil price peak in 2008. Fattouh, Kilian, and Mahadeva (2013) summarize the
literature that examines oil markets and conclude that there is no evidence that speculation is the
main driver of price increases. Baumister and Hamilton (2019) also test a VAR approach for oil
market but introducing priors for elasticities, finding that supply disruptions tend to be a much
bigger factor than in previous research.

Another branch analyzes commodity financial markets from a portfolio point of view. Bohl and
Stephan (2012) study the effect of increased trading in future markets for six top traded agriculture
and energy commodities using a GARCH model approach and find no evidence of a causal relation
between future trading and price volatility. Chary, Lochstoer, and Ramadorai (2013) show that
restrictions in financial markets can alter spot prices through hedging decisions, affecting real
outcomes. Sockin and Xiong (2015) study the possibility of information frictions in commodity
markets, and demonstrate the importance of prices as signals for both demand and supply and
the weakness of assuming that shocks are publicly known. In line with their results, this paper
incorporates information shocks and allows for some shocks to be unknown.

The work presented in this paper is mostly related to Knitell and Pyndick (2016), who estimate
non fundamental shocks as deviations in inventory levels. The paper follows a similar methodology

except that it consider corn markets (instead of oil) and a dynamic framework (rather than static).

1.2 A preliminary analysis

Empirical models have been used extensively in the commodity’s literature, though mostly for
energy and metals. Given the lack of similar approaches used for corn, this section explores the use
of these same techniques in corn markets The goal is to motivate the theoretical models used in
this paper.

The estimation proceeds to construct a VAR model with sign restrictions based on Kilian and
Murphy’s (2014) model for oil. The endogenous variables are the same ones to be used later in the

theoretical models: real price, consumption, production, and storage. Real prices, consumption,



and production are taken in log-differences. Stocks are normalized as a fraction of same-year
consumption. Sign restrictions follow Kilian and Murphy’s (2014) assumptions when applied to
the same shocks: a positive supply shock increases consumption and production, while reducing
prices; a positive demand shock increase prices as well as consumption and production; a positive
speculative shock increases inventories, prices, and production, while decreasing consumption. The
estimation uses annual data due to the extreme seasonality of corn production (three quarters of
the year will always produce literally zero), and therefore add only one lag to model.

Results can be seen in figure I. The figure shows the historical decomposition of price changes
by shock. The figure is quite indicative of the role of demand shocks: they clearly seem to play the
biggest role, explaining 34 percent of price variation between 1981 and 2015. Speculative shocks
explain 28 percent while supply explains 19 percent. This result holds some similarites to Kilian
and Murphy’s (2014) model for oil, where they find that demand shocks are the biggest player in
the long run, though in their case it is much more absolute almost 87 percent of the long-run real
price fluctuations are due to demand. There are certain limitation though to this result. As the
Kilian and Murphy mention in their 2014 paper: "Impact sign restrictions alone are typically too
weak to be informative about the effects of oil demand and oil supply shocks". Therefore, the next
sections proceed to use theoretical approaches so to better identify the actual sources of corn price

changes.



Figure I

VAR Price Decomposition
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Figure I. Price changes decomposed by shock origin as estimated by the VAR model with sign restic-

tions. Units are in percentage points.

2 Long Run Model

The VAR approach is somewhat limited in its identification capability. Both "speculation" and
residuals are factors that are not so clear as to what they could mean economically.The goal in this
section is to analyze and explain changes in price levels over a longer horizon by using a theoretical

approach instead. In particular, one key question is whether observed prices have deviated from



fundamentals because of the presence of non fundamental factors, such as, due to the growing
importance of financial speculation. This section proposes the following experiment: Calculate
the theoretical price that would balance supply and demand every year and compare it with the
observed price. That is, calculate the price such that inventory variation would have been zero.
The intention behind this simple experiment is to see how prices would have changed solely based
on current demand and supply shocks.Any additional features added here would only enhance
the results, therefore the fit that will be shown can only be enhanced but not worsened by any
additional feature of analysis we might want to add. This sections shows that even under this
simple framework, results are very conclusive. It also implies an more long-run based approach. In
the long-run, inventories cannot play a significant role in price determination. Under the plausible
assumption that speculators do not seek to buy-and-hold inventory, it is clear that in the long
run prices cannot deviate far from fundamental ones. To understand this better, assume it is not
the case. That is, assume that the fundamental price is systematically below or above equilibria
with no inventory change. This would imply that stocks either decrease every year or accumulate
infinitely. Neither scenario is consistent with long-run equilibria, since it would either imply hitting
the zero lower bound or an irrational accumulation of stocks. Since the analysis is long-run based
this can be a useful approach.

Formally, the theoretical price results from the following market-clearing equation:

Zip; ¥ = Agpy. (1)

7 = thood + theed + Ztethanol + foports

The left-hand side of the equation is demand for corn, and has four subcomponents: ethanol,
food industry, feed (and residual) and exports. Supply has only one source: farming. Imports in
the US are (practically) zero. For simplicity, demand and supply are assumed to have isoelastic
functions of the price, as in Knitell and Pyndick (2016) and similar to Deaton and Laroque (1996).
In this model, for demand functions, Z;, captures exogenous demand shocks and p; ¥ the endoge-

nous response to prices, with w being the demand elasticity parameter. For supply, A; represents
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productivity and 7 supply elasticity.

1
é} “* - Also, to quantify the

Equation (1) thus defines the theoretical market price as p; = [ T

impact of different shocks, one can calculate the first-order effect for each of them.

dp; = : gg’;dZti + gfftdAt’ i € {food,feed,ethanol,exports} (2)
where the right-hand side gives us the sum of the effect of changes in all i € {food,feed,ethanol,exports}

demand fundamentals and production fundamental A.

USDA databases have time series for prices, all four demand uses (ethanol, feed, food, and
exports), production, and yield per acre. The model uses these to estimate elasticities and identify
exogenous shocks. For demand price elasticities, it uses instrumental variables, taking yield per
acre shocks as a first-stage instrument for prices. Changes in yield per acre are explain mostly by
weather factors. Farmers have almost no control over short run productivity levels. Therefore, it is
reasonable to assume that they are exogenous to the production process and are appropriate instru-
ments for prices. Supply elasticities are estimated following Roberts & Shlenker (2013). Estimation
results can been seen in Table I.A. Results fall within other literature’s findings'. Once elasticities
are estimated, given demand, supply and price data, one can identify exogenous components by
reversing the isoelastic equation and setting the exogenous component equal to the demand or

supply level times prices elevated to inverse elasticity.

Z; = Djpf, (3)

At = Stpt_n .

Given time series for Ay, Z}, and p;, and estimated values for w,n, one can decompose price
changes per year by estimating the different terms of equation (2). As a result, changes in inventories

explain the remaining residual. Results per variable can be seen in Figures II to V.

!The Food and Agriculture Policy Institute shows elasticity estimations for corn in different countries, giving results
that are always between 0.1 and 0.5. for both demand and supply. http://www.fapri.iastate.edu/tools/elasticity.aspx

11



The next step is to solve for the price equation (1) from 1981 to 2015. Figure II.A shows the
theoretical price that results from the simulation and compares it against observed prices. The
figure suggests two key observations: First, differences between the model-based and observed
price are much larger before 1996 than after. That year, a more market-friendly US agriculture
policy bill was passed, which reduced the budget for government purchases (hence the scope for
intervention) and lowered price floor targets below market equilibria. It is clear that after such an
event, the distance between both time series reduces heavily. Regarding the 2000s spike in prices,
the hypothesis of a non-fundamental driver seems pretty weak, since prices moved as one would
expect them given demand and supply shocks. Second, theoretical volatility reduces significantly

after the year 1996.

Table I.A
Description Parameter  Value
Demand Elasticity w 0.18***
Supply Elasticity n 0.15%**

Table I. * ** and *** indicate p-values inferior to 0.1, 0.05, and 0.01, respectively.

Table 1.B
Standard Deviation
Variable All Prior to 1996 After 1996
Observed Price (in logs) 0.39 0.36 0.32
Fundamental Price (in logs) 0.59 0.74 0.36
Observed to Fundamental Ratio | 0.41 0.59 0.12
Correlation
Observed vs Fundamental Prices | 0.82 0.72 0.96

Table I.B.The first two rows show standard deviations of both observed and fundamental prices for
each time interval. The row "Observed to Fundamental Ratio" indicates the standard deviation of the ratio
of observed prices divided by fundamental ones. The final row "Observed vs Fundamental Prices" shows the

correlation between observed and fundamental prices for each time interval. A traditional statistical F test
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was performed to check for a null hypothesis of equality in standard deviations of the ratio before and after

1996, results rejected the null hypothesis at a 1% level of significancy.

Figure II.A

Theoretical Prices vs Observed
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Figure II.A. Theoretical prices are the values that solve the market clearing equation (1) given the
identified shocks. Observed ones are those obtained from the data. Units are in dollars per 100 metric tons

of corn.

Regarding annual variation, in summary, the model finds that 60.4 percent of fundamental
price changes were due to supply shocks and 39.6 to demand shocks. Non-fundamental shocks
(inventory or speculative shocks) only play a major role prior to 1996, and almost none after. This
is a signficant change relative to the VAR analysis, that assigns a smaller role to supply and much

more to speculative shocks. The total role of supply and demand shocks is very robust to elasticities:
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changing both supply and demand elasticities to values between 0.05 and 0.25 will change the total
fraction of price changes induced by supply to be between 58 and 62 percent.

In 1996, a Farm bill was passed. It significantly shifted U.S. farming policy from a highly
interventionist one toward a more "free market" approach. Prior to this bill, U.S. farming policy
was heavily biased toward sustaining minimum price levels set at the discretion of the policymaker.
The main tool through which this took place was by either government purchase of goods (The
Commodity Credit Corporation - CCC- program) or subsidies to storage in the private sector
(Farmer-Owned Grain Reserve program). Figure IV quantifies the effect these programs had on
price levels. After 1996, the government budget allocated for purchasing goods was minimized, and
minimum prices were set below market values; this resulting in a practically zero direct government
intervention in corn markets. Table I.B shows statistical moments before and after the bill was
passed in 1996. Table I.B shows standard deviations for observed prices and fundamental ones,
standard deviation of the ratio and correlation. Two important facts emerge. First, the ratio
between observed price and "fundamental" ones becomes significantly more stable after 1996. A
traditional statistical F test was performed to check for a null hypothesis of equality in standard
deviations of the ratio before and after 1996, with results rejecting a null hypothesis at less than
1% significance. This is also in line with an increase in correlation between both series. Second, the
volatility of fundamental prices themselves also drop after 1996. This new stability could perhaps
be one of the reasons for the lack of direct intervention during those years.

Regarding the 2000s, it is clear that observed prices do not deviate too significantly from
fundamental ones. That is, the price that would have theoretically cleared the market with no
storage decisions has not deviated significantly from observed prices. This suggests that speculation
(or other non fundamental shocks) has had little—if any—effect on market prices.

The immediate question is then: If not speculation, what has drives the price spikes? Appar-
ently, as can be seen in figure I1.B, ethanol explains almost 56% of the price increase between 2005
and 2010. This can partially be explained by technological improvements (that allow ethanol to be
used in energy markets) and government policy that has forced gasoline producers to incorporate
mandatory fractions of ethanol in their final products. This decomposition has been calculated
by inputting the estimated values of fundamentals and elasticities into equation (2). Additional

evidence for this is the increased correlation between oil and corn prices, as in Figure VII (see
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Appendix). Given that an increasing fraction of corn is used for ethanol, increasing correlation
with energy markets is therefore to be expected, and this is what effectively is seen in the data.
This can be viewed as a new form of intervention, since instead of directly purchasing the product,
they force private agents to use them. In future work, it would be interesting to use these results
and calculate the impact of this intervention compared to previous ones, as well as other policy
implications.

In conclusion, the model used here suggests that there is very little ground for a nonfundamental
explanation of price changes in levels during the past 20 years. More specifically, regarding the
2000s, the impact of biofuels on corn markets seems to be one of the main explanations for the

observed behavior.

Figure II.B
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Figures I1.B. Fig. I1.B shows the contribution of each demand factor to total price change (measured

in percentage points change with respect to the previous year). They were calculated by replacing the
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estimated values of Z{f, Apw, and 1 i € {food,feed, ethanol,exports} , into each term in equation (2). Each

term in equation (2) is represented by a shade of grey for a given year.

Figure IV
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Figure IV. Fig. IV shows the contribution of total price change due to government CCC purchases.
It was calculated by estimating the change in prices not explained by equation (2), i.e., the residual between
explained price changes and observed price changes. That residual was then multiplied by the proportion of

corn inventories held by the government under the CCC program.

3 High Frequency Case

The previous model was designed to analyze long-run variation in prices. The main finding is that
there is little evidence of non-fundamental shocks. One may argue that this finding is expected,
since, as explained previously, a systematic deviation from our implied fundamental prices would
mean either hitting the zero lower bound for inventories or increasing them to infinity, as in Knittel

and Pyndick (2016). However, at a higher frequency there could be space for short-term shocks
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that are not necessarily related to supply and demand fundamentals. Therefore, though this section
continues to assume isoelastic functional forms for supply and demand, it adds speculators as a new
type of agent. The justification for this is that given that production of corn occurs only during
fall quarter , buying and selling storage inevitably becomes a relevant factor in determining market
prices throughout the whole year. That is, give that production only occurs during on quarter, it is
unrealistic to ignore inventory changes as a relevant factor. Since in a decentralized framework these
inventory decisions are profit-seeking, the model rationalizes this by introducing a representative
speculator: an agent who makes decisions based on expected profits realized by buying low and
selling high. The objective in the next section is to model short-run quarter equilibria and quantify
the impact of both current and future shocks (the latter through information shocks) on total

variation, similar to what was done in the previous section.

3.1 Model

Time has two dimensions: year and quarter. Notation wise, ¢t represents time change from quarter
to quarter, ¢ indicates a quarter-specific notation, and y represents marketing (not calendar) year.
A marketing year starts with the harvest and ends exactly before the next one. For simplicity,
demand is considered as a whole (that is, there is no differentiation by use). Just as in the previous
model, demand and supply are isoelastic. This seems reasonable, given that the demand elasticities

found in the previous section were not so different across the various sources of demand.

Dy i(pyt) = Zy,tpg;,f-
Sy7t (pyzt) = Ay’tpz,t'
where Z, ;, Ay, + are exogenous random variables representing demand and supply fundamentals

and have the following dynamics:

Ay =Ay=paAy 1+ Eﬁ ift=1,4,;,=0, fort € {2,3,4}

17



Zyy=Zy+el.  Zy=p,Zy1+el.

Shocks are all IID and have the following distributions:

Annual shocks

e, ~logN(0,0)  foric{Z A}.

Quarter-specific shocks

eZ ~log N(0, 0;), q stands for each quarter,1 to 4

All shocks are summarized into vector ¢, ; = {eyZ , 5@4, eZ }

In other words, demand shocks have a yearly component that follows an AR(1) process, plus
a quarter-specific noise. Production only comes during one quarter (harvest season); therefore,
it is equivalent to define supply shocks as annual or quarterly. In addition to farmers and con-
sumers, speculators, participate in the market by buying and selling stored goods. They are profit-

maximizing agents who face the following problem:

Vi(zy, Zq) = A pyy = f(@e,8q,0) + BE: [Vip, (me41)] -
s.t. Tgp1] = Ty — Ut

Tt—Tg)? i
flae, 2q,0) = {5(5;’(;1@)2 f f{ﬁf}} ot >6

The function f(z4,Z4, ) represents the cost of deviation from a certain quarterly optimum Zz,
that has a specific value for each quarter and is known, i.e. it is neither random nor uncertain.
Deviating from this optimum implies some cost d,8'/. The cost in the last quarter is different
because usually inventories are managed at low levels during that time of the year. Therefore,
given that agents are closer to hitting the zero lower bound, it is reasonable to assume that cost

of deviating from optimum are higher. Intuitively, for some industries, having low inventories
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could imply a huge risk premium: Since they require a minimum level of inventories to keep their
machinery running, stopping them (by reaching zero inventories) would imply high costs. As an
example, say that annual harvest usually has size 1, and quarter optimums are 0.8,0.6, 0.4, and
0.2, respectively. Having inventory levels below or above the first three does not imply the same
costs as having them below 0.2, since in this last case companies would be close to hitting the zero
lower bound.

The speculator must decide one period in advance by how much stocks will differ from quarter-

specific values.

First-order conditions and envelope conditions are:

—p; + BE [th-H (a:t+1, fq_;_l)} =0

—26¢11 (1 — Tq) + BE; [Vtﬁrl(l‘tH, ffq+1)] = ag;i') dt41 € {5, 51[} .
Combing both, we get

Pt = BE [pry1] — 20441 (Te41 — Tgy1)

Policy function then results in:

BE [pi1] — e _
X1 = BT + Zgpi1- (4)

with 6,01 € {6,6"7}

Consumers, farmers, and speculators must then meet at the market. Therefore, the market-

clearing equation is given by:
Xy’tJrl = Aypzy — Zt,yp;g? + Xt,y ift=1. (5)

Xy’t_i'_l = _Zt,yp;;f + Xt,y ift = 2, 3, 4. (6)
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As a result, given that parameters and market-clearing conditions are quarter specific, equilib-
rium prices will also be quarter specific. That is, their values will vary from quarter to quarter,

even in steady state.

3.2 Information Structure

Information is key to forming expectations for speculators, and therefore the information structure
is a relevant issue in the model. This section constructs it to mimic reality as closely as possible.

Production shocks and annual demand shocks are revealed the quarter after they take place,
so agents do not know at present moments what supply and demand are. They use both public
and private signals to form expectations regarding these. Private signals are formed each quarter.
Public signals, on the other hand, are realized only in quarters 1 and 4. The model incorporates
public signals this way in order to map USDA reports; hence, it must mimic the same timing
schedule. Private signals are private in the sense that they are developed by the private sector.
They are observable to speculators, but not to the econometrician.

Information regarding demand and supply fundamentals is only revealed after each quarter is
finished. During each quarter, therefore the agent does not know with precision what is driving
price changes. As an example, in quarter 1, yield, annual demand, and quarter-specific demand
shocks are realized, but the agent only knows them after the quarter is over. Therefore, in quarter
2 the annual component of demand is known, but not the quarter-specific one for quarter 2, and
SO On.

Uncertainty about current shocks takes place only in quarter 1, since in quarters 2 ,3 and 4
they only speculate with respect to next years fundamentals (which by definition have not taken
place yet). So, in quarter 1, speculators can observe the current price, but since the current price
will depend on the realization of three shocks (annual supply shock, annual demand shock and
quarter 1 specific demand shock), they cannot identify or map back to fundamentals (there is no 1
to 1 mapping possible). The assumption used here is that if there is any information that can be
captured from this it is negligible and for simplicity will be disregarded.

Agents have access to public reports that are issued in the first and last quarters of the marketing
year. The first-quarter report predicts current annual demand and yield and the latter predicts

the upcoming year’s amounts. Private forecasts regarding next year’s yield and demand, on the
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other hand, are made available every quarter. To summarize, public reports predict current yield
(if quarter 1), upcoming yield (if quarter 4), current annual component of demand (if quarter 1),
and upcoming demand annual shock (if quarter 4).

To illustrate this, consider the case of a commodities trading company. During the first quarter,
it receives the USDA report and the one it privately issues regarding current demand and supply
conditions. Once the first quarter has passed, the company observes what happened in quarter 1,
and its research department continues to develop forecasts for the upcoming year. In contrast the

USDA will only make its own forecast once quarter 4 is reached, and so on.

Table IT

Public Signaling Timing
Quarter  Harvest Annual Demand Shock Public Demand Signal Public Supply Signal Productivity Revealing Demand Revealing

& & o7 o7
1 X X X X -
2 - X X
3 - -
4 X X

Formally, the speculator receives public and private signals at each period ¢ :

In the first quarter (or "harvest" quarter) ¢t = 1, signals contain the following structure:
shock being predicted noise

A~

07 = el + 4 public Yield signal
95,?" =el + s public Demand signal
Hz?,zt)r =& + " private Yield signal
eZpT _ 7 pr,Z vate D d si 1
yt =y T private Demand signa

In non-harvest quarters t = 2, 3,4 signals are:

shock being predicted noise
~ = ~ =
AT — e +ped ublic Yield signal
yt y+1 un p g
Hi’tm =z, + n? public Demand signal
eApr _ A pr,A ivate Yield si ]
yt = Ey41 T private Yield signa
Gyzé’r = eyZ+1 + 77%”"’2 private Demand signal
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where P P Z pprA pPh? are TID noise components and have a normal distribution with

.. . .. [ 0 0 0
standard deviations (or inverse precision) o 7", 0 /", 04 o, .

Apr eZpr HApu HZpu}

All signals are summarized into the vector 0, ; = {nyt 041 0y 050

The predicted variable will vary depending on the quarter. In harvest quarters, signals predict
the annual demand shock and annual supply shock, which are taking place currently. In non-
harvest quarters, signal predict next year’s annual demand shock and annual supply shock. This
can be seen more clearly in Table III. Therefore, each quarter there will be several sources of shocks:
annual demand shocks, annual productivity shocks, quarter-specific demand shocks, and public and

private information shocks regarding both demand and supply.

Table III

Predicted variable

Harvest Quarter Non-Harvest Quarters
Signal Quarter 1 Quarter 2 Quarter 3 Quarter 4
efztm = - - 5;+1
Gif“ i i i eyl
Hﬁf’" ey ey €yt £y
0" &, €11 €)1 Eyr1

Table III.This table shows what variable is being predicted by each signal in each quarter. In the
harvest quarter, signals intend to predict current shocks, since these not inmediately observable. In the rest

of the year signals intend to predict next year’s shocks.

Once a signal is received, agents use it to update their previous beliefs. That is, they use past
private (public) signals and combine them with their latest private (public) signal, constructing a
posterior private (public) signal. For example, in quarter 2, the private demand signal the agent
receives is the first one that forecasts next year’s fundamentals. In this case she has a flat prior,
and therefore her posterior will be identical to the signal received. In the third quarter, however,
the agent has a previous private demand signal 92Z P" and receives 6’5‘” ". Assuming both signals have

equal precision, she weights them optimally by assigning equal weight to both (recall that the noise
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process is IID). Therefore, in the third quarter, posterior signal 95” will be obtained by following

a Bayesian updating process with normally distributed noise:

1
HZpr =0. 59ZPT + 0. 50Z7w with standard deviation &%, = — %"

swZ = g% -
In the fourth quarter, she receives another private demand signal, which she again uses to

update:

1
QZI"": QZPT—|— QZPT+ HZpT with standard deviation &%, = oo

4.2 = 307

In the first quarter the agent receives the last private demand signal

. Opr 1 9pr

1y+lZ \f Z .

VA 1
91753_1 = 192Zpr GZpT + GZPT + 012511 with standard deviation &

For private signals regarding supply, constructions are identical. In the case of public signals,
calculations are also identical, but since they only take place for two quarters (4 and 1), they have

final precision aipu, %a%u for supply and O'QZ , \}JOZP “ for demand, respectively, for each quarter.

Agents therefore have, each quarter, final public demand and supply signals, and final private
demand and supply signals. To rationally summarize this information, these final signals are
weighted as a function of their posterior precision. Formally, in quarters 1 and 4, they have
posterior public signals 0;5“, 05 7" with a noise process that also follows a normal distribution, with
precision 62“71,6%7“”71 calculated above. They then update their beliefs according to Bayes’ rule,

that is, they construct a single terminal signal for demand and a single terminal signal for supply,

based on a precision-weighted average of both posterior private and public signals:

A Apu - Apr ~Apu »Apr . .. pu~l _pr1
Oyt = Ve,40,4 +(1- fyt7A) 0, Oyt »0y; with precisions o3, 4,0%, 4-

VA - Zpr ~Zpu AZpr . .. pu~l pr—1
Oy =t ZHy v + (L =72) 0yt 0y >0, with precisions 6}, .0y, 5
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Vepu_l

g (o3
— 4,y,A — 49,2
’74114 T _opu—l | _opr—1 ’7412 - v0pu71+v0p'r71 for quarter 4’
Oay,A TO4y.4 O4y,z T04y,z
— Y — 'Y
Y14 = TR T T,z = BT T for quarter 1,
O1y,4 T91y,A 1,2 TO1y,2

Parameters v, 4,7; 7z t € {4,1} indicate the weight agents put in each variable on quarters 4

and 1. Such weights depend on the relative precision of each final signal.

Definition 1 Speculators do not observe current A and Z; instead they form expectations based
on private and public signals regarding demand and supply. Hence, their information set ©,; can

be formally defined as:

. _ z A Z
For quartert = 1: ©,; = Ay_1 v Ly, Ey—14 s Xyt 5041,071,0y14
SN~ S~ N——" M - —
annual productivity demand level previous quarter demand shock inventory  signals
z
Ay ) Zy ) Eyt—1 )
~— ~—

annual productivity demand level previous quarter demand shock

For quarters t = 2,3,4: ©,; =
Xyt 001054 Oy
—

Yyt VYt

inventory signals

Therefore, expected prices can be defined as:

E(py,t) = E(py,t |9y,t)'

O, € (1, where ) is the set that contains all information and demand and supply shocks, and
therefore contains ©,; V {y,t.} Note that by construction, 0y € Oy, ¢, ;1 € Oy ¥ {y,t.} and
information sets are a combination of current signals and past shocks, that come from their own
distributions. Therefore €2 is a measurable space and {nyt, g0y7t,1} € {Q,F, P}

The solution to the equilibrium system of equations will have the following functional—nonlinear—
form,given that although speculators have a linear-quadratic objective, the rest of the supply and

demand functions are isoelastic:

A A
Pyt = py,t(@y,ta gpy,t) = p( Ay ) Zy ) 5;15 ) Xy,t ; 9y,t> Qy,t? Ayfla nyl)' (7)
v \—v—/

productivity demand level quarter shock Inventory signals

24



Definition 2 An equilibrium consists of prices py(©yt,p, ) such that, given shocks {goy7t,9y7t},
information set ©,;, and initial conditions Xo1, A_1,Z_1, markets clear for all quarters and the

speculator’s FOC is satisfied for all {y,t}

Prices will depend not only on the current level of productivity and demand, but also on the
level of initial inventories and available signals. Past productivity and demand can influence this by
providing information about future realizations of demand and supply, since they follow an AR(1)
process. Given this solution, two main issues remain to be addressed: First and most important,
the solution is nonlinear, which makes it impossible to find an explicit solution. Second, private
signals are non-observable in the data. Therefore the model will be solved by proceeding through

the following steps:

Step 1
Linearize the system around steady-state values. Normalize these to 1, such that index points

can be interpreted as being close to percentage changes.

Step 2

Calibrate parameters using USDA corn market data for 1975-2016.

Step 3
Estimate seasonality and simulate the model by feeding estimated shocks as inputs, the compare

model prices versus data.

Step 4

Estimate private signals using a Kalman Filter.

Step 5
Estimate the contribution of each factor to final prices and measure the residual (unexplained

fraction of price changes).
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3.2.1 Step 1

The first step is to linearize the model around steady state. Variables are redefined in the following

way:

For any variable y, y=y—1y where 3 is the steady-state value of the respective variable

and ¢ is the linear deviation from it.

Therefore, one must solve for steady-state values. Steady-state estimates are obtained in the

following way:

First, define a harvest size of one:

A=1.

Then normalize demand for each quarter, such that they all add up to the harvest

4
ZZFL
7

Next, estimate quarter-specific seasonality Z; for demand in the data and normalize it such that

they all add up to the harvest size:

_ _Z
= — .
> 7
i

—!

Z

7

4
Therefore, one will have Z Zl{ =A=1.

i
For inventories, in steady state they should not deviate from Z, since the values for these are
picked such that sticking to the target is always optimum. If speculator’s match their target z,, the
marginal inventory cost is zero These are calibrated by taking average inventory levels (relative to
harvest size) for each quarter throughout the whole sample. Therefore, the policy function equation
from the speculator’s problem will give us the evolution of prices throughout each quarter in steady

state:

Xii1 — ZTg+1 =0 = = %]53 = 5zP2 = 53D1-



Therefore, one only needs the value of prices in steady state for one quarter to determine the
rest. Given values A, Zg,)@, i = 1,2,3,4 and the price evolution path, one can introduce these

values into steady-state market clearing equations to obtain p; numerically:

Xy = Ap? — Z;ﬁl_p + X;.
X3 = —Zéﬁg_p—i-XQ.
Xy = —Zéﬁ§p+)_(3.

Once steady-state values are calcuzalated, one can proceed to linearize previous equations (4)

and (5).

Linearizing the market-clearing equation results in:

) o L )
Xiv1y = nAyply by + PP Ay — Dy Zry + 0201 ) Dy + Xiy- (8)

Speculator’s policy function will then become:

X1 = %- = 288" X1 = BE [pry1] — pi

286" X1 = BE [Pl] — b (9)

with 61 e {6,6'7}.

Therefore, variables will reflect deviation from steady-state values in levels. It is important to
point out that steady-state values are quarter specific. Equations (8) and (9) are linear in prices

and inventories. Therefore, the price solution equation will have also a linear solution. Since both
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equations depend on parameters that vary in each quarter, the price solution equation will also

vary depending on the quarter.

Conclusion 3 As a result, the linearized new state space will have four price solution equations,
one for each quarter:

pr=cd Ay + ke + kX + ok + kb7 +alZ, 1 + b Ag + k2,

p2 = all Ay +alle? + ol X + aﬁIH‘f + aglﬁlz + ol Z, 1+l Ay + il Z,.

p3 = ol A + oblle? + Q11X + aﬁnﬁf + ozé”@lz + aéHZy,l + o Ag + aé”Zy.

A IV A 1V _Z IV v IV pA IV nZ 1V 5 IV A 1V 5
P4 = Qq A1‘|‘042 el + a3 X1+044 91 + o 91 + ag Zy71+a7 AO+C¥8 Zy-

o=l o el =l7 6
where aZ-I ,aZU , aiIH , aiIV are price policy function parameters with ¢ = 1,..,§ for each state

variable and ¢ = 1, .., IV for each quarter. Recall that in steady state 8; = 0 for all signals 8, both

private and public.

It is important to remember that the sole role of "last year’s" production and demand is to
inform about future production and demand. Therefore, if persistence parameters p,4 and p, are

equal to zero, oz{ and ozg should also be zero for all J.

3.2.2 Step 2

The model uses USDA data series for yield per acre, production, demand (local and exports), prices,
and stocks. The section proceeds first by detrending and deseasonalizing them, then normalize
their mean so that index points can be read as percentage points. To obtain the exogenous demand
component, the model instruments prices with yield per acre to obtain demand elasticity through
a typical IV analysis. The next step is to use residuals as estimates for Z,, just as in the long-
run-trend model. Then, the section estimates the annual component of the residuals to obtain Z,
and Z; series. For supply elasticity 7, again the model uses Roberts & Shlenker’s (2013) results.

As a robustness check, other values for 1 were used with very similar results.
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When it comes to reports, one can make use of digitalized USDA forecasts for each marketing
year, from 1975 to 2016. These forecasts are for demand and yield per acre. To obtain HtZ pu
forecasts from demand forecasts, we regress these last ones against forecasted yields, then use the
residual as a demand shock estimate. The reason for this is because given that a simple demand
forecast contains also an endogenous forecast, since a higher yield would endogenously result in
lower prices and higher consumption, one can eliminate this endogenous component of the demand
forecast by regressing it against the yield forecast.

This section calibrates the parameters to simulate and show quantitative results. Given the data
available (described above), the section proceeds as the following. First, calibrate the parameters
necessary to calculate o] which are j3, o, 611 A, Zy, Zq, w, and 7. Demand and supply elasticities are
estimated as indicated in the previous step. The persistence of supply and demand fundamentals
are calibrated by estimating AR(1) processes, and volatility is obtained by taking the residual’s
standard deviations.

Storage cost parameters 67,7 are estimated by choosing values that minimize residuals. That
is, the previous set of equations will give theoretical prices as the result for each quarter. The
difference between these and observed prices are the residual. Parameters 67,67 were calibrated
such that the total sum—in absolute values—of the residuals is minimized.

The next step is to calibrate public and private signaling parameters. Regarding public signals,
it is important to say that these appear in specific days, which are publicly known in advance. That
is, at a certain time, information becomes publicly known in a report and markets react almost
instantaneously Price changes for those "announcement" days can be seen, and even though private
information is always present in markets, it is reasonable that by constraining price changes to the
specific announcement day isolates public signal’s effect on prices.

The precision of public forecasts is estimated by comparing USDA demand and supply forecasts
versus ex post realizations. The most non-straightforward task, however, is to obtain a value for
the precision of private signals. The section proceeds to identify them as follows. First, calculate
ol and of by using the method of undetermined coefficients (also use this to obtain all parameters
af). Second, obtain the release dates for public signals (USDA forecast reports) and the same-day
price reactions. Then, regress same-day price changes against the changes in forecasted values in

the released reports—with respect to the previous report—for that day. This allows to estimate the
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effect of public signals on price changes. The parameter that relates price changes to public supply
signaling in the model, a4y, 4,should match this previous price reaction estimation. Once known

the value for a47, 4, and given that also ay,is known one can obtain the value of the weight of

V9pu71

public signals relative to private ones, v; 4 Since v; 4 = #Aem_l and public signal precision,
bl ) ~ ~

T1y,4 To1,y,4

. . . . . . .. L0 . e L Opr.
J?f“, is known, one can identify private signal precision, & Ap ". The procedure to identify & Zp "is

identical.

Calibration results for US corn markets can be seen in Table IV.A:

Table IV.A

Description Variable Value Source
Discount factor I3 0.995 Literature
Demand elasticity w 0.18 v
Supply elasticity n 0.15 Literature
Demand persistence P, 0.64 AR(1) Z;
Supply persistence oA 0 AR(1) A,
Steady State productivity A 1 Normalization
Steady State demand level Zy 0.25 Normalization
Inventory adjustment cost quarters I,IT,TIT 6! 0.0204 Model calibration
Inventory adjustment cost quarter IV ol 0.046 Model calibration
Yield volatility oA 0.098 Stand Dev A;
Demand volatility oz 0.018 Stand Dev Z;
Public signal A st dev Uip b 0.06 USDA Yield forecast
Public signal Z st dev UOZp b 0.048 USDA Demand forecast

3.2.3 Step 3
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Once determined the values for the parameters, the model is simulated by feeding in shocks ob-
tained from data. That is, the data is normalized, detrended, and deseasonalized, while and use the
residuals as supply, demand, information, and inventory state variables. Since one cannot observe
private signals, for now they will assumed to be zero (they will later be estimated). Simulation

results can bee seen in Figure VIII.

Figure VIII
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Figure VIII. Lines show the evolution of observed corn prices versus model simulated ones. Units are

deviations from steady state in percentage points.

Prices Figure VIII shows the results given by the simulation versus those in the data. At first
glance, one can say the model generates a price series that is in line with the one observed in the
data. However, it is clear that for some years there are discrepancies between model-generated
and observed prices. This can be better seen in Figure IX, which shows residuals measured as
differential between observed and effective prices. On average, around 36% of price changes cannot
be explained within the model. However, this is not uniform throughout time. Indeed, there are

quarters, such as 1985-1987, in which non-modeled factors explain almost 60% of price changes, and
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others in which that drops to less than 10%. There are several reasons for this. From a theoretical
point of view, the model is a linear approximation to equilibrium values. Hence, second-order effects
might be bigger than expected. From a practical perspective, there could be non-profit-maximizing
institutions in place—for example, government policy. Agriculture is an industry subject of several
policies, with tax breaks, subsidies, inventory, and price policies in all world markets, with the US
being no exception. It is important to say, however, that unexplained factors do not seem to have

increased in the past 15 years.

Figure IX
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Figure IX. Bars show the percentage points of price changes that cannot be explained by factors in

the model. For some periods of time, prices can differ almost 60% from these based on their fundamentals.
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3.2.4 Step 4

A key innovation of the model is the incorporation of both private and public signals into agents’
decisions. Agents use these signals to predict the annual component of demand and yields. They
have both private and public sources, and weight them proportional to their precision. The model
makes use of USDA reports released monthly that predict future demand and yield per acre; they
are considered be public signals since anyone can access them at no cost. The section then estimates
private signals through a Kalman Filter, in which the observables are prices and ex post realized

annual demand and yield values.
Formally:
x = Fixy_1 + €. state space model
yr = Hyxy + Byug + vy observables

where

Yyt = [pe 5Z4+1 55+1]~

w = [Ar €2 X, 027" 077 7, 7).
ze = (0,7 07™").

Y, and Y. are covariance matrices for vy, e¢. X, is calibrated by measuring the precision of
public forecasts and the standard deviation of changes in price that remain unexplained by the
model. Values for Y. ,are the precision in private forecasts estimated previously. Matrices Fy, Hi,
and B; represent the laws of motion for private signals, the effect of private signals on prices, and
the effect of the rest of state variables on prices, respectively. Also, the second and third rows of
matrix H; represent the relation between signals and ex post realizations. That is, they capture
the fact that signals forecast ex post realized demand and supply shocks with some error.

Estimations can be seen in Figures X and XI, which show the estimated private signal. Although
private and public signals tend to move together, as one would expect, there are several moments

in which these differ, which may explain public information is not the only driver of expectations.
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Figure X
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Figure XI
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Figures X - XI. Bars show the forecasted demand and supply shock for each quarter by both private
and public signals. Fig. X shows supply shock forecasts and Fig. XI shows demand shock forecasts. Darker

bars show forecasts from USDA, and light bars show private forecasts estimated using a Kalman filter.

An important step is not only estimating signals, but also to checking if they are relevant.
Figures XII and XIII (see Appendix) show the contribution to price change in index points for
1975-1979. In certain quarters, their impact on prices can reach almost 10%. That is, these
information shocks are economically significant the moment they occur. When considered over the
whole sample time span, their relevance differs based on whether they are public or private. In
the first case, overall impact drops to 2.6% (combining demand and supply forecasts), while in the
latter it reaches 15%. This is not surprising, since in the model public signals only occur in two
quarters each year, whereas private signals take place every quarter. Also, private signals are more

volatile, and therefore have a greater impact in total volatility.
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3.2.5 Step 5

Table IV.B describes the contribution of each factor to price changes, measured by the average ab-
solute value of factor effect over price change (according to model policy parameters). As expected,
the main driving factors are demand components (both annual and quarterly) and inventories,
since when they are combined we reach almost 50% of price variation. The number associated
with yield per acre is particularly small, but this should not surprise since the model divides time
into quarters, with production (yield) only in one of four quarters. The supply influence on prices,
hence, tends to be absorbed by stocks in the following quarters, since when there is a good or bad

yield this later changes the level of stocks during the rest of the marketing year.

Figure XIV
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Figure XIV. Decomposition of price changes per factor. Different shades indicate the individual effect

of each variable over total price change for that quarter. Units are in percentage points.
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Table IV.B

Fraction of Price Change Due to Each Variable*

Variable Description Fraction
Gfpr Supply Private Signal 0.056
07" Demand Private Signal | 0.099

Ay Productivity 0.018
ef Quarter Demand Shock | 0.089
X Inventories 0.088
gr Supply Public Signal 0.009
Hth" Demand Public Signal 0.019
Zy-1 Past Demand Level 0.043
Aq Past Productivity 0
eyZ Annual Demand Shock 0.274
Residual 0.305

*in absolute values

4 Conclusion

This paper addresses the issue of agricultural commodity price changes throughout the past decades.
In particularly, the paper takes the case of corn for US markets. It derives two analyses: long run
and short run. In the first, it initially runs a sign restricted VAR as a benchmark, finding that
demand and speculation are the biggest drivers of annual changes. It then contrasts this with a
simple model in which it simulates theoretical prices, such that demand and supply match each
year. That is, it estimates the price that would have theoretically cleared the market (no inventory
changes), then compares it against the observed prices. The intention was to develop what one
could consider a proxy for a non-distorted price and compare to see whether the observed price was
too far away from it. Results show that after the 1996 farm bill, the relationship between these two
time series is very close. That is, there does not seem to be a major difference between the market-
clearing price and the observed price. Before 1996, observed prices clearly differed from theoretical

ones. There are several explanations for this, but a major one is that government agriculture policy
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intervened heavily, mostly through price-sustaining policies. These were instrumented by either
government accumulation of stocks (the CCC program) or subsidizing the private sector to do
that for them (the FOR program). After 1996, government policy became more market friendly
by introducing price floors below equilibrium and limiting the government’s budget available for
stocks. Interestingly, annual changes are mostly explained by supply shocks, in contrast ith the
VAR approach. When looking at overall changes through time, Figure II.A shows that no big
distortions are to blame for price hikes in the 2000s. Moreover, a more detailed analysis shows that
the emergence of an energy-related source of demand for corn had a significant impact, and explains
an important aspect of price increases in 2005-2010. This is in line with the increasing positive
correlation between corn prices and energy ones. An important thing to note is that government
mandates could have played a major role in this. Therefore, it could be that we are observing a
shift in regulation type from direct purchases to private coercion. Identifying these interventions,
quantifying them, and estimating their economic impact are subject’s for future research.

The second part of the paper analyzes the short run. It develops a quarterly based model
in which agents can only produce at certain quarters, as in most agricultural markets. It then
linearizes it and analyzes second order moments. When focusing on a higher frequency, there is
space for speculation to play an important role, since it is possible to make profits by storing for
short periods of time and reselling. In other words, it is irrational for inventories to go up forever,
but it is perfectly possible that they increase for one or two quarters. Therefore, the paper proceeds
by modeling speculation and introduces a theoretical innovation: information shocks. Given that
storage is by definition related to expectations about future prices, the information available at each
moment is key to inventory decision-making. The model has two sources of information: public
and private. Public information comes as a forecast by a government agency (in this case, the
USDA). Private information comes from information markets (consulting firms, private research
departments, etc.). These reports help agents form expectations about what future prices might
be and make decisions accordingly. Given that USDA reports are publicly available, and that they
contain quantitative forecasts for demand and supply, the model is able to estimate their impact on
market prices. It also identifies the precision of private signals and estimate a time series for them.
Results show that as one would expect, demand and supply shocks account for a large fraction of

price changes—as much as 52%. However, this leaves a relevant space for speculation or inventory
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shocks. Information shocks (which act by inducing agents to buy or sell their stored goods) can
explain an additional 18%. A remaining 31% is due to factors not included in the model but that
alter storage decisions, as well as second-order effects in demand or supply. The second section
quantifies by how much these unexplained factors can influence observed prices. Finally, another
important result is that non-explained sources of price changes, whatever these may be, do not
seem to be any more relevant in the 2000s than they were before. This again confirms once more
that the idea that nonfundamental factors have increased in importance is not sustainable.

Results show that in the short run, prices can deviate severely from fundamentals, even though
in the long run that is not the case. Given that the market analyzed here is well developed in terms
of liquidity and transparency, this raises questions regarding how informative prices may be in the
short run, with important implications with respect to GDP accounting and theoretical modeling.
As in Romer (2016), my results challenge the notion of market prices as a result of a standard
profit- and utility-maximizing framework.

In conclusion, the evidence presented here indicates that there is no evidence for the hypothesis
that corn markets artificially deviated from fundamentals in the long run, but does allow the
possibility for quarterly frequencies. As an innovation, this paper also shows the important role
information shocks play in the short run. Unknown sources of variability are quantified, but are

yet to be explained. Further research in this respect is necessary.
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6 Appendix

6.1 Additional Figures

Figure I1I
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Figure III. Fig. III shows the contribution of each factor in total price change (measured in percentage
points change with respect to the previous year). More specifically, Fig. III shows changes in prices due
to productivity shocks. They were calculated by replacing the estimated values of Zg, Apwi; and n | i €
{food,feed ethanol,exports} , into equation (2). Each term in equation (2) is represented by a different bar

for a given year.
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Figure V
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Figure V. Fig. V shows the contribution of total price change due to private inventory purchases. It
was calculated by estimating the change in prices not explained by equation (2), i.e., the residual between
explained price changes and observed price changes. That residual was then multiplied by the proportion of

corn inventories not held by the government under the CCC program.

44



Figure VI

Price Indexes for different Commodities
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Figure VII

Carrelation Qil vs Corn

Figures VI-VII. Fig. VI shows how corn and soybean prices have deviated from other commodities
that were not used for energy production. Fig. VII shows increasing daily correlation between corn prices

and oil prices for a past-five-years rolling window.
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Figure XII
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Figure XII. Fig. XII shows the effect on prices for forecasts regarding supply. The effects are shown

as changes in prices in percentage points.
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Figure XIII
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Figure XIII. Fig. XIII shows the effect on prices for forecasts regarding demand. The effects are

shown as changes in prices in percentage points.

6.2 High-Frequency Model.Proof of parameter estimates

Parameters that associate state variables with prices were calculated using the method of unde-
termined coefficients. Below are the steps and formal results of such calculations for each quarter.
The solving pattern is identical in all four quarters; therefore, I mainly describe the first quarter
and solve the following ones in the same way. Since final expressions are implicit, solutions were

found numerically.

6.2.1 First quarter
Expectations equation in quarter 1 results:
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Eu(p2) = of1 By [A1] + of' Ey [F] + o8 By [Xa] + o} By [0] + 031 Bx [67] + of1 B (2.

Replacing the speculator’s policy function in the previous equation:

62Xz + B = ol By [ 41| + b By [e5] + of By [Xs] + ofl By [05] + afl By [0F] + ol By 2]

B = ol By [A1] + of By [5] + (off - 20) Xz + of By [05] + ob By [0F] + ol 1 2]

I now replace Xo with the market-clearing equation for the first quarter and leave the price

variable on the left-hand side so to match the linear solution equation:
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Therefore, the final price solution equation is:
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6.2.2 Second quarter

The expectations equation is:
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The solution equation and the speculator’s policy function are:
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I introduce the market-clearing equation and solve:
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Final price solution equation for quarter 2 is:
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Third quarter is identical to the second one

6.2.3 Fourth Quarter

Solution equation and expectations equation are respectively:
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Introducing the speculator’s policy function into the expectations equation I get the following:
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Now, I proceed to solve by introducing the market-clearing equation:
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