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ABSTRACT
U.S. Farmland Price Dynamics: Cause-Effect Relatigys.
(August 2007)

Meri Davlasheridze, Diploma, Thilisi State UniveysiGeorgia

Chair of Advisory Committee: Dr. David A. Bessler

Time-series methods are used to investigate fadnjamce dynamics in the
United States (aggregate) as well as seven langeufigral states: California, Georgia,
lowa, Kansas, New York, Ohio and Texas. Vector Aegoessive Analysis (VAR) and
Directed Acyclic Graph (DAG) methodology are usedihveil the contemporaneous and
dynamic relationship of farmland values with fouher variables commonly cited in
farmland literature: real returns to farm assetsmf acreage, debt-to-asset ratio and
interest rates.

As empirical findings from DAG of all seven statasd US aggregate analysis
suggest, farmland values are greatly dictated by fihancial condition of farm
businesses (debt-to-asset ratio) as well as mammoedc condition of the United States
(interest rates) in contemporaneous times. An @utlireffect of the fundamental
contributor (returns to farm assets) via debt-teetigatio has also been discovered.
Impulse Response Functions and Forecast Error MagiaDecomposition as an
alternative VAR tool agree with the findings of DA@hen looked at the short term
horizon. This specifically indicates farmland priaependence on debt-to-asset ratio and
its lagged values, through time macroeconomic ¢and{interest rates) affects Farmland

Prices with a further effect on Returns to FarmetssNew York, California and Texas



have exhibited slightly different patterns as coredato the other four states and US
aggregate results. Farmland prices in New Yorkgaeatly dictated by interest rates, by
debt-to-asset ratio in California and have exhifgarticular exogeneity in Texas
regardless of time horizon.

Consistency in farmland price behavior in individséates and in the USA
aggregate provides a strong basis to generalizdinfin over the other states.
Consideration of other factors relevant to indiatstates should be considered to
generate better explanations for some of the uaexgd portion of my research. These
might include, but are certainly not limited topigh urban expansion and commercial
development in highly urbanized states, the impécattle farming and energy sector in

Texas.
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CHAPTER |
INTRODUCTION
1.1 Statement of the Problem

Farmland represents the central asset of farm holdss and thus serves as a
major source of credit collateral for a landowngrerator farmer. For owners not
operating land, it generates income in the formeaot. It is important to understand the
factors that contribute to appreciation of farmlamdlues. Such understanding is
important not only for the landowner, but also dperators (renters) and farm lenders.

An appreciated value of land adds to its owner'salthe and increases the
operational cost for the land operator. These cetaly different approaches have
become major issues in past and current researfdwrmtand values (Moss and Schmitz
2003).

At the initial stages of farmland market developmienthe United States, only
purely production related factors such as soil pobdity, soil quality, irrigation, crops
planted, etc. were considered (Cochrane 2003).

The value of farmland is not unrelated to the dywarof other economic sectors
and integration of different markets. Several arghmave considered various potential
determinants when studying farmland price behavi®hese include, but are not limited
to, the accelerated urbanization and commerciakldement process, access to credit,

closeness to metropolitan areas, etc.

This thesis follows style and format of tAenerican Journal of Agricultural Economics.



Forming an expectation of future returns has becamerucially important
element when looking at the future potential retstneam from farm assets. Popularity
and growth of the financial and capital markets rasp have influenced choice behavior
of economic agents; they may also have influenaedland values.

The Present Value Model has been a starting paintnfuch of research on
farmland and farm assets. In a basic capitalizatiemework, the fundamental
determinant of the land value is the future stredrearnings (returns) discounted by a
discount factor. Future sources of income capgdlin farmland prices are thus derived
from pure market income (rent) and various govemtnpeograms. This simple approach
has been modified several times by allowing timeati@n in interest rates and different
types of expectations of income (Just and Miranow8R3; Weersink et al. 1999). Such
a model has not performed the best in predictimgdiratic swings in land values and
price deviations from their observed path (Featbessand Baker 1987; Falk 1991).

This is particularly true when looking at the shi@tm horizon (Schmitz 1995;
Falk and Lee 1998). Neither this nor structural dtaneous supply-demand equation
models have performed well in explaining price &ons. Land supply is highly
inelastic. Accordingly, the demand side is a pryn#orce in land price discovery.
Unfortunately, one-sided approaches do not prosiding arguments or empirical results
when dealing with the nature of farmland (Burt 1986

One consideration in the study of farmland pricenaiyics is the observed
existence of boom-bust cycles, which refers to hdgeations of land prices from its
fundamental values as derived from the Presente/Model (Featherstone and Baker

1987; Falk 1991; Moss and Schmitz 2003). Boom-loystes have a great impact on a



farmer’'s economic well-being, regardless of whethefshe is a farm operator or
landowner. Predicting expected swings will grediglp reduce the negative effects of
such cycles. In order to predict these swingss itviportant to understand the economic

causes that contribute most to such phenomena.

1.2 Objectives

The primary objectives of this research are to exghow the returns to farm
assets, debt to asset ratio, farm acreage, anéshtates explain farmland values, as well
as how they behave in major agricultural statedif@aia, Georgia, lowa, Kansas, New
York, Ohio, and Texas); secondly, how the picturanges across major states; and last,
how results differ when data are considered adiana aggregate.

The study considers Vector Autoregressive Repratient (VAR) modeling of
time series data. The latter is practically freenf prior assumptions about certain
economic relationships of variables in the modetaled by an economic theory. In
addition, the study uses Directed Acyclic Graph (®BAtechniques, tools of artificial
intelligence, to suggest the contemporaneous caffiset relationship between variables.
This approach differs from previous research afioivs the data to reveal itself and give
more privilege to empirical patterns prevalentistdrical observations (Bessler 1984).

Empirical findings, as opposed to prior theoridkyvaresearchers to narrow the
gap between theory and practice. Although theighpsovides a somewhat similar
approach to at least one study that has been doemsopsly, it offers different
perspectives implied by DAG methodology. Furthbe variables used in the thesis are

imputed, suggesting the current research is difteirem earlier work in the area. There



has never been consistency in identifying stangmoxies for any proposed (or even
repeated) variables, which always leaves room hearraative considerations in model
building (Melichar 1979).

Farmlands are not homogeneous across the UnitéelsStdor are the effects of
economic variables expected to exhibit similar Itssuacross different states.
Highlighting characteristic commonality among majéarming states offers an
opportunity to search for potential factors thatdiaspecific behavior. Previous studies
utilizing time series data have performed economednalysis mostly on average
national level data; with a few exceptions, largeauiltural states have been considered.
The current research provides a unique opportunitipok at large agricultural states
separately and identify areas where further rebeanca broader (panel data) study can
be undertaken.

Besides a contemporaneous time horizon, the prdpbssis provides an outlook
of different time spans (1 through 6-year), by deposing forecast error variance of
variables into shares of potential contributorsisTdttributes relative explanatory power
to each variable studied, allowing for the posgipibf identifying how the behavior of
determinants differs over the short versus the lmmg This type of analysis inherently
benefits policy makers by allowing them to evalyatéential impacts on specific policies
in different time horizons, and it helps reduce aegative impact if such effect is pre-
cautioned.

This thesis is organized into five chapters:

The first chapter provides an introduction and rawf the study, with problem

specifications and appropriate objectives. In Caapt a general review of the farmland



literature is offered. Both theoretical and emgitilterature is covered. Chapter Il offers
a discussion on the model used in this thesis. €hdp provides results from the
analysis of seven states and a national aggre@idtapter V concludes and offers

suggestions for further research.



CHAPTER I
FARMLAND PRICING LITERATURE REVIEW
2.1 Farmland Pricing and Marketing Theory

Farmland represents the fundamental asset of #grneuThe nature of farmland
is somewhat different from other assets and gdgeramplicates the pricing and
valuation process. Economic understanding of fanthivaluation has evolved over time.
This understanding is more complex than just représg land as a static production
factor that does not depreciate or does not exhawest time. The transformation of
farmland into non-usable land as a result of laiedien or deterioration is just one of the
factors determining the change of value of the tasb&o more recent factors in
contemporary times are urban sprawl and commengaielopment. Both generate
serious concerns and are highly debatable amongnturesearchers. As economic
development continues, the influence of directnalirect issues associated with farmland
value may change. These in turn are reflectedardevelopment of different approaches
to research and analyses, which may differ in aggres researchers take in their study
of farmland pricing and market behavior.

One factor that has contributed to structural cleanig farmland economics is
change in ownership. In the past, farmland was eslvand operated by farmers;
currently, the tendency has moved in favor of fagmerators who do not necessarily own
the farmland. Population migration from rural tdbain areas has contributed to the
enlargement of farm size, and has greatly concentriss operation and specialized its

production.



Sherrick and Barry (2003) classify features of fiamd that draw special

consideration and attention, specifically:

(a) The nature of non-depreciability of farmland,;

(b) High capital gains relative to current retutagarmland,;

(c) The low correlation of farmland values to tle¢urns of other speculative assets or
stocks;

(d) Developmental, commercial, recreational, angehurban influence on farmlands;

(e) Government payments that are capitalizedlard values, and

(H A fixed supply of land resources, which maki@smland marketing completely
different from other capital assets.

These features characterize only some of the raancheconomic properties of
farmland and greatly complicate modeling of farndlamaluation.

As mentioned earlier, ownership is an important gonent in modeling farmland
values as it determines the origination of retufrent) to farmland, subsidies, etc.
Comprehending the peculiarity of farmland rents &actors influencing their values
helps to understand farmland valuation itself.

In the larger picture, rents and capital gains fréammland are considered
fundamental (market) factors affecting farmlandcesi Urbanization, commercial
development, and other similar elements constitwda-agricultural factors and also
greatly influence farmland values (Moss and Sch2@@3).

Considering farmland pricing from the standpoinacupply-demand framework,
the supply is nearly fixed and makes only insigafit changes over short periods of

time. Various authors believe it is hard to chaazeé buying and selling behavior



of suppliers and demanders in the farmland markRétipps (1982) states that both sides
of the market are motivated by profit and wealthximazation and their decision is partly
determined by the expectation of future returns @mhomic gains. Other categories of
buyers have been identified as well: those who flaoylands for speculative purposes;
for diversifying overall systematic risk in theisset portfolio; or to hedge against
inflation, etc. Consequently, consideration of theategories of buyers or sellers requires
their inclusion in the econometric modeling. To soanize, the supply-demand
framework is restricted by the inelastic natura&upply, which leaves the demand side
of the model as the primary contributor in priceentfication. The formation of
expectations of future capital gain or an inconmeash is an area of research relevant to

the demand side of the model (see figure 1).

Figure 1. Short-run demand and supply of land



Many authors in the farmland value literature argod, as most empirical studies
indicate, government programs contribute a greal de farmland prices. Before
reviewing some of the significant findings in thegyard, it would be relevant to review
some government support policies and programstaedin Gardner’'s (2003) research
on U.S. commodity policies, there are several pdicthat are considered when
determining valuation factors; specifically, protan subsidy programs, decoupled
programs such as Loan Deficiency Payments (LDP&)Panduction Flexibility Contract
Payments (PFCPs), which was introduced by the Fe@&ral Agricultural Improvement
and Reform Act (FAIR). LDP payments are based aal tanits produced and therefore
their effect is reflected more on the operator-fartihan on the landowner. Its effect on
farmland value is similar to the effect of most gmaims designed to support commodity
prices. Consumers share the benefit of this pmogaa well, because direct payment
programs lower product price relative to what ituleb have been without the price
support.

The picture is totally different with respect to G#¥s. The recipient of the
payment has absolute freedom to decide what to itlo twe increased income. The
process of government subsidies is complicatedhénsense that the subsidy is shared
between the landowner and the tenant (land opgrattrere the owner rents the land
with considerable benefits going to landowners. aAgsult payments, money can either
be reinvested into farms or in other assets or $p&nt without restrictions. These
programs have become the subject of major congmeasdebates. As a result, many
owners of PFCP programs are forced to cash-leasel#imds so that they get the rent,

which captures the benefit of the program. Underdther alternative, the specific renter,
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not the landowner, is identified as a beneficiang ahe payments are made based on
bushels grown. Under such program schemes, themoeat payment is capitalized into
the rent paid and inevitably contributes to an e@ased amount of rent. These
arrangements contribute to controversial opinidmsuathe government support policies.
In fact, this policy increases the rents paid, Whiienefits landowners, but increases
operational expenses for operator farmers. Basatiisranalysis, government payments
increase the value of farmland and are considemethany econometric analyses of
farmland prices (Weersink et al. 1999; Clark, Kleind Thompson 1993).

The main reason for stressing the importance ofegowent programs as a
fundamental element in understanding land prickge@ause such an understanding relies
on the Present Value Model.

According to the basic Present Value Model, fundatiade determinants of
farmland prices are future returns to farm assadisiaterest rates. The current price of an

asset is a discounted sum of expected future ®tfrthat particular asset:
R, =Y RI@+r),
t=0

where Ris the current land price, & net rent paid on the land at the end of theopdr
and r is the discount rate. Here, the discount (gleis considered to be constant.
Modifications have been made to this simple mogehllowing the discount rate to vary
with time and by imposing expectation operatoreatirms to land as the rent is realized at
the end of the time period t and future returns @mebservable. By relaxing these
restrictions, more flexibility has been given te tmodel, which allows decomposition of
contribution into fundamental factors versus noneadfural factors (Falk and Lee

1998).
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Falk (1991) formally tested the explanatory powkthe traditional Present Value
Model, using current and expected future returrg ardiscount rate to find a rational
behind these variables. The empirical researchamaglucted on lowa farmland prices
from 1921-1986. Empirical evidence suggested weakep of the Present Value Model.
He tested the hypothesis to see whether speculttices not related to the rent were
driving forces of capital gain of farmland assetis finding further confirmed the
findings of Burt (1986) regarding the speculativecés. Specifically, he showed that rent
constitutes a significant portion of farmland valaad that there is no significant
evidence that prices are driven by the same sp@ailforces that determine prices of
other assets and precious metal. In order to ifyetiie magnitude of deviation of
farmland prices from its expected future rent, Fadled the spread between farmland
value and rent, further justifying the statementQampbell and Shiller (1987) that if the
present value model is correct, then “the spreadbeainterpreted as the rational forecast
of the present value of all future changes in eétirns.” This means that asset return
cannot be predicted based on past prices and tdistgesearch also employs a VAR
representation of time series data. Results sha 50% of real cash rents could be
predicted based on its past values and past spféadGranger Causality Test (spread
Granger causes changes in rents) indicates thatutrent market accounts for more
information than past values, which means thatrmédion would be reflected in future
changes of farmland values.

One way of formally testing the Present Value Modak to test the difference
between theoretical and observed spreads. As I@salts showed, prices tend to

overreact to movements in rents (speculation). &leresearch indicates a larger
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volatility of land prices as compared to rents,aredess of the high correlation between
these two variables. Falk (1991) provides reasongbssible failure of the statistical
model and attributes it primarily to an existené¢eational bubbles and to the fact that
discount rate is not time varying.

When considering the returns to farmland it is img@ot to identify sources. As
mentioned earlier, many authors consider two p@ssburces of returngne derived
from economic activities (market return), and thineo derived from government
payments. This demarcation became a basis of edoramalysis of a modified Present
Value Model by Alfons Weersink et al. (1999). Thaimreason for such analysis was to
identify land price responsiveness (price elasficielative to the changes in different
sources of returns. Not only was time variatioow#d, but also a differentiated discount
rate was introduced into the model. These alloviedauthors to discount government
payments more than the income derived from the etarkhe primary reason for this
assumption was the hypothesis that income from owvent was more transitory than
that from the market. Besides the attempt to meathwe long-term responsiveness of
land prices to the fundamental sources of incoime,résearch also looked at short-run
price elasticity. With the latter, it is easierdapture expectations of market agents. The
analysis employed two approaches, one stressdtbnaaleexpectation hypothesis and the
other focused on stochastic processes in both gmert- and market-driven returns.
Two hypotheses were provided:

- Discount factors from both sources araesaersus different.

- Whether trend in price is derived fronvgmment or market returns.
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Empirical analysis of Ontario, Canada data confdnae priori expectation of the
research, that the discount rate was different éetvthese two sources and that the trend
in price was primarily driven by government paymperagrams.

Quite interestingly, short-term elasticity of lapdce with respect to both sources
of income was found to be small, although markeedareturns exhibited more response
than government-based returns. Long-term respomasemelastic; however, results from
short-term response were reversed. Government esairceturns have been shown to
have 50% more explanatory power than that of a etaBased on such results, it is
important to comprehend economic consequencesyaj@ernment programs.

A significant contribution to the study of farm asslynamics is the study by
Featherstone and Baker (1987). Their article igafticular interest to this research
because it also employs VAR methodology that allékeedom of proposed variables
and allows every variable in the model to influeeeery other variable with lags. Their
findings are based on U.S. data from 1910-1985takek into account only land values,
returns, and interest rates. Granger CausalitysTasggest that farm asset values were
caused by returns and asset values themselves.aSstobng causal relationship of asset
value to itself suggests the potential existencasskt bubbles, which further have been
tested by Schmitz (1995). Their research provideses evidence and shows that
traditional Present Value Model could encompassehpgce swings in agricultural
assets.

Explaining and predicting boom-bust cycles are aceon relevant to various
assets. Some researchers attribute its occurrerthese major reasons (Tirole 1985):

a)  Asset durability;
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b)  Asset scarcity; and
c) Common belief in future returns.

Durability of the asset implies that an asset Wwél used for several production
periods. And, of course, farmland is normally uded several production cycles
depending on the crops planted.

High quality farmland is definitely a scarce assgicifically when looking long
term, since the supply of land is considered tdiked. With the current pressure of
urbanization, farmland has tended to decrease amtgy; thus, it can be identified as a
scarce resource.

American farmers definitely exhibit common beligisfuture returns. Stemming
from the nature of farm returns, it is generalljideed to be driven by the expectation of
the same commodity markets (cash or futures). Seh(i995) considers additional
reasons as potential attributors to land assetsjfsgally:

- Greed;

Prestige of owning farmland (“we can buyt our neighbor because John Deere
can sell us a new four wheel drive tractor on ¢fgdi

- Credit availability; and

- Perception that the land can always lbe &oa higher price.

Although Schmitz’ research is based on Canadiamdes, his findings can easily be
applicable to the American cases; farmlands in lmthntries have exhibited similar
patterns.

Forming an expectation of future returns is a cocaped notion. Most research in

farmland pricing assumes a Bayesian approach oféaafpon that the expected future
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value is derived partly from past values and pabyy current information, although

expectations described by Bayes Theorem do notyalweflect actual behavior of

economic agents (Kahneman and Tversky 1974). Quretnderestimating the value of
past or current information frequently results veweactions in prices, and thus price
bubbles.

It is noteworthy to mention that this type of betoavhas long been suspected in
farm asset markets by many researchers. FeatheratohBaker considered the existence
of quasi-rational economic agents in farm assekatar Price bubbles reflect a situation
where prices heavily depend on their own expectddey and have been detected quite
frequently in land prices (Schmitz 1995; Featherstand Baker 1987). If arbitrage over
time somehow prevents price bubbles in other assetss somewhat risky with
agricultural assets because of the inexistence hoirt sselling and high incurred
transaction costs along with weak information alboatket prices (Chavas 2003; Lence
2003; Miller 2003). Findings regarding the existenaf boom-bust cycles and huge
deviation of land prices from their fundamentaledetinants have greatly contributed to
further questioning of possible determinants ohsdeviations.

A very significant finding and an attempt to digfirish conceptually farm wealth
and Ricardian rent has been addressed by Schrli@b)1 Although at first glance there
might be a one-to-one relationship between these émpirical evidence suggests that
they deviate significantly. Perception of a higlpested land value in the future may
contribute to a farmer’s wealth, but associated neay not change at all due to the fact

that it actually is realized at the end of the tipexiod. This is where other variables
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appear to be important. Schmitz considers crediti@vlity and expansion as a potential
cause for demand for land to increase, which utetgancreases wealth, but not rents.
These and other reasons have motivated researchéwsk at other forces that drive
changes of farmland values. In this context, ihisresting to review the literature on the
importance of farm accumulated debt and its infageon farmland values. A primary
theory in financial literature that refers to theset and debt relationship is known as the
Modigliani-Miller (M-M) theorem. This theorem simplgnores the importance of debt
on asset values (Mishra, Moss, and Erickson 2009 .basic rationale of this theorem is
that consumers hold assets in the economy in time & stocks (equity) or bonds (debt)
and that the aggregate balance sheet does notirvaaroportions of equity and debt.
Derived from this perspective, debt should notaffarmland values. Although, as has
been discussed, debt has a significant effect omldad as it determines the profitability
and identifies liquidity of farmland as well aski<Credit and its availability ultimately
affect farmland markets. Mishra, Moss, and Erickseinen studying farm debt effect on
asset valuation, found a statistically significal@bt-servicing ratio in the land value
model; in fact, their work has suggested that ameiase in debt-servicing ratio reduced
farmland values for the U.S. as a whole and sevén tégions considered individually.
(Debt-servicing ratio measures the amount of incoeeded to service the debt). These
results further confronted the M-M theorem, sincegnores the importance of debt on
asset valuation. Researchers consider financiadlitons in agriculture to be greatly
mitigating a boom-bust cycle. Decline in land vakggluces the debt-servicing ratio,
which in turn has a multiplicative effect on origlrdecline of land values and vice versa

(Mishra, Moss, and Erickson 2007).
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Among other determinants, inflation and interesesaas a measure of cost of
capital (opportunity cost) have been studied in taemland valuation literature.
Increasing land values in the 1970 have partiadlgrbattributed to high inflation rates.
The inflation rate not only reduces the rate ofitedigation, but during inflationary
periods, land serves as a hedge against inflatiost (and Miranowski 1993). Moss
(1997) has proposed an information strategy thakdoat the relative importance of
inflation, interest rates and returns to farm assé&he results suggested the greatest
importance of inflation in Florida; inflation expeed 5.62 times as many bits of
information as returns to assets and 12.99 timesaasy bits of information as the cost of
capital (1960-1994). Generalized analysis of U&adhowed variation across regions.
Specifically, regions where government paymentssttute a higher share in farmland
returns have shown to be influenced more by refumsther regions, 82% of bits of
information were attributed to inflation.

Just and Miranowski’s findings have also suggestedrelative importance of
inflation and opportunity cost (interest rate). Fheesearch is particularly interesting
when comparing different models with four differesmtpectations: rational, adaptive,
extrapolate, and naive. The majority of price cle@nbave been greatly attributed to
naive expectations and can partly be explainedhfbgtion and interest rates; especially
those periods characterized with large price swargsoverreactions.

Lastly, the literature has considered the significaffects of urbanization and
commercial development on the nature of farmlandkata. The effects of urbanization
on agriculture cannot be measured only by the tatedage of farmland transformed into

urban areas, but also by the total area that héghaconversion probability.
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Boundaries of urbanization have several implicegjoone is worth noting and
relevant for this thesis (Barnard, Wiebe, and Bmnege 2003). As urbanization
approaches rural areas, land prices rise greattypaced to their production value. In
this kind of environment, potential of future landnversion or development is counted
as the present value of land. Many urban econondstsot feel cautious about an
increasing concern of urban sprawl due to the tlaat official inventory of urban and
built up area comprise only a small share of thh& 1d.S. land. In fact, as figures suggest,
even doubling or tripling the urban area would haveegligent effect on an aggregate
U.S. agricultural output (Bernand, Wiebe, and Breae 2003).

Research data collected at U.S. national and atds have been challenged by
looking for the best proxy for urbanization. Micnaodels at a county level have shown
more significance in this regard.

The research of urban sprawl conducted by Grigdrieanis, Charles B. Moss,
Vincent E. Breneman, and Richard F. Nehring (2006ng county-level data, shows the
effects of urbanization on farmland values. Insnhe@ prices of farmland in contiguous
urban areas can be explained not only by developrpetential of these lands
(urbanization), but also by an “increased agricaltvent” as the proximity to urban areas
develops high valued crop markets. Two perspectwesonsidered: urban expansion as
explained by higher returns to agriculture and nikation as a potential transformation
of farmlands into urban and development uses.omesareas, the production of high
value crops has competed well with land valuesifbanization, thus keeping the land in

agriculture.



19

The joint influence of farm and non-farm factorsreal estate value has also been
addressed (Hardie, Narayan, and Gardner 2001)h Bffects turn out to have a
significant impact on farmland prices. Furthermofaymland values show more
responsiveness to non-farm factors than to farmiegs. The study of urbanization is a
very broad research area, especially when conegléhe uncertainty associated with
timing of potential future conversion of farmlands commercial use.

Awokuse and Duke (2006) revisited the previous ytol farmlands conducted
by Just and Miranowski (1993) to further elucid#ite debate regarding the causal
structure of farmland determinants. Their reseaddfers from previous ones in a
methodological approach; it is the first paper thaestigates contemporaneous causation
through Directed Acyclic Graph modeling. Their colesation also covers a number of
different variables that have traditionally beemsidered in farmland literature. Based on
a data-driven analysis embedded in the DAG, thesevable to confirm results from
most of the previous co-integration analysis tbata broader scale, net returns to assets
and debts are the most relevant factors that aaphuctuation of land values, although
other macroeconomic variables (interest ratesatiofh) are found to have an indirect
effect through returns or debts.

To summarize, the school of farmland valuation éaslved primarily due to the
dynamic changes of land prices, starting from thgpke Present Value Model. Analyses
have expanded to account for expectations, urbémizaand spatial and temporal

changes of fundamental and non-fundamental vagable
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The many models used in the current state of relemnd analysis of farmland
values continue to fail to provide answers to thenynirregularities found in farmland

prices.
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CHAPTER 1l
THEORETICAL FRAMEWORK AND APPLICATIONS
3.1. The Time Series Models (TS)

As the thesis employs time series data, somgerstanding of the properties of
time series modeling is essential to our study. e€Tiseries models assume that the
variables of interest have time-ordered patterosth@t each observation is not a random
draw, unrelated to its historical realization. Eaeta point depends on its lagged values
and a disturbance term.

In the strictly univariate framework of time serie®dels other variables are not
considered, specifically mathematic illustratiorsath models are as follows:

(1) Ye=PBo+P1YestPBaYiat+ ... +PpYipt &

wherefgis an intercept}‘s are unknown parameters to be estimated, p ipdaigd to be
determined, ang is disturbance term or so-called “white noise,” @himplies that it is
not correlated with other error terms, has zeronrm@ad has a constant variance over
time (o ).

These types of models are called autoregressivelsiadenoted by AR(p), where
p is number of lagged periods used in the model.

Stationarity of time series data implies that tkpexted value of yacross time
does not vary E(y = E(Y:+«), variance of Y'is oy 2 and it is also constant over time Var
yi = Var y.k, andso is the covariance betweepand y.x, specifically COV (¥ Vi) =
COV (Verms Yi+k+m), for any k, m, and t.

Unfortunately in real life time series are not istaary, i.e., as time goes by

observations deviate from their historical meanctSbehavior is classified as non-
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stationary. The solution of this problem is thatdi series data can be differenced until
we eliminate the non-stationary property in diffezed series. If the series is differenced
p times, it is said to be integrated to order P).ISpecifically, the first order integrated
model would look like Y= Y1 + &, if the error term exhibits random walk propetten
the differenceA Y= Y- Y1 + &, IS the representation of the stationary timeesewith

integrated order of 1 (Gujarati 2003).

3.2 Vector Autoregressive Model (VAR)

VAR, as an econometric modeling tool, was introdut® economists by Sims
(1980). He suggested treating all variables in thedel equally, withouta priori
distinction between exogenous and endogenous \esiabhe reason these types of
models are called autoregressive is that on th&-hgnd side of the equation appear
lagged values of a dependent variable, along vatjyéd values of other variables (a
multivariate form of equation (1)).

In the VAR every variable is allowed to be influedcby every other variable
with lags (Awokuse and Bessler 2003). Due to teedom ofa priori restrictions of
such models, VAR is particularly important to udvdynamic relationships between
certain variables that may not be considered otiservl his type of approach is helpful
where expectations are considered. Time seriesvimehs frequently associated and
explained as economic agents forming their priopeetations about the future. As
expectations are related to recent and past olsmrsait is of vital importance to

account for lagged variables.
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In VAR, theory is used to select the variables igldTheory is not used to zero-
out or remove one variable as a “cause” of anotheable,a priori. The main goal to
develop such models is to let data reveal econawietionship themselves (Bessler
1984).

One way of formulating a VAR model is to assumes istationary. Specifically,
series is a weak form stationary stochastic profeshas constant mean and covariance
through time (Gujarati 2003).

Another way of VAR modeling considers balancingarder of integration of
series on both sides of the equation.

“Plausible principal of model formulation is thatomstationarities in the
“explanatory” variable ought, if possible, to explanonstationarities in the dependent
variable.” (Nerlove, Grether, and Carvalho 1979).

This last type of consideration does not assumgostity in series rather in
residuals. The idea is to have a balanced ordentefjration on both sides of the
equation.

I (p)=1(p) +1(0) {l (p) dominates}
The following equation corresponds to the genesdlizform of VAR

representation:

where X and yare random vectors with dimensions m xlisBa coefficient matrix with
an appropriate dimension. is assumed to be a “white noise” i.e.
E(w=0

Z , = E(u,u,) for t=s (m x m positive definite matrix)
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=0 for#s

According to Bernanke (1986), the observed innoveti ¥, can be modeled in
terms of underlying “driving” sources of innovatsrThese driving sources of variation
are orthogonal and can be written as
B a=Au
Zero restrictions on A are used to produce an ifiedtstructural VAR.

A VAR is considered not identified if in the m vable VAR model we have
m(m-1)/2 parameters free. Doan (2000) suggestsfahewing rule: if there is no
combination of i and j @) for which both A; and Aj; are nonzero, the model is
identified.

Innovation accounting techniques such as impulsgpomse, forecast error
decompositions, and historical decompositions adopmed on a transformed VAR

which has the following representation and is dbsdrin detail below.

Equation (4) is a representation having orthogaedli residuals, making

interpretations easier than if non-orthogonalizetbvations (residuals) are considered.

3.3 Testing for Stationarity
A test of stationarity is also referred to as at unbt test. If the equation is

expressed ingpy:1 + &, where eis a stationary error term andl< p <1. Whenp = 1,
then the model becomes a random walk; thus, thessare non-stationary. |t0| <1,

then we have a stationarity in series; thugoWow [(0) order.
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The most commonly used test to check for statibpare the Dickey-Fuller (DF)
and Augmented Dickey-Fuller (ADF) tests. To perfdime DF test, the simple Ordinary

Least Squares (OLS) regression is performed offdhewing form: Ax, = 5, + B X,

AXxtis the first difference (x.1).

The ADF test is performed on the following repreaagan:
DX = By + BiXeq T ZLODX -

The null hypothesis for the DF and ADF tests ig thas non-stationary (there is
a unit root) in testing of the DF and ADFg:H; = O.

A Monte-Carlo generated critical value, at 5% digance level on the DF t-
statistic is -2.89. If t-statistics of estimat@ccoefficients are less than -2.89, we have a

stationary series, i.e., we reject the null hypsitherhis is a one-tailed test.

3.4. Innovation Accounting — Impulse Reponses
As estimated coefficients from the VAR models arffiadilt to interpret, and

impulse response function via innovation accountiagusually used to study the
dynamics of the model, specifically to observe hane-time-only shock in the current
innovation affects the whole system. To perforns tiyppe of analysis, it is important to
present the estimated VAR in the Moving Averagenforo trace out the effect of a one-
time-only shock in an innovation term, we set asfpand future X’s and errors to equal
zero, except those referring to current time of vhgable being shocked. We set this
equal to one (1.0). This type of representatiooved| us to see the dynamics exhibited by
the estimated VAR model (Bessler, 1984). To inges¢ the effect of a one-time-only

shock in an innovation, 0-1 simulation mechanisrbas;g used, which assigns 0 to all
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past and future innovations and X's and 1 to theeru X and innovation term. The
response can be carried out iteratively in varioug horizons.

It has to be noted that the results may not exastyibe dynamics embedded by
certain variables in the model if we do not accofant contemporaneous correlation
among shocks in each series. Ignoring historictlepss of correlation would mislead
our analysis.

Under ideal conditions we would like to see conterapeously uncorrelated
innovation terms, which implicitly assumes the made-covariance matrix to be an
identity. The orthogonalizing transformation of th@iance matrix is used to obtain the
form in which the condition stated above is guagadt

Under earlier VAR work, a Choleski decomposition swapplied on an
untransformed variance-covariance matriX) ((positive-defined MxM matrix), by
finding a lower triangular matrix H of rank m suittat
(5) Y=HH
where H’ is a transpose of matrix H, diagonal elets®f H matrix are greater than zero.

By performing pre-multiplication on both sides afuation (5) by Hand then
post-multiplying it by (H)™, we get the following:

6 (H)ZH)"=HHHH)"=I
{H)™* = H' )}
From this type of transformation, we have to findtnx A so that the new

innovation term g= A u has the variance-covariance matrix equal to ite(i.
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The selection of A is such that AZHwhere H is a Choleski decomposition for
the original variance-covariance matrix. Transfodnferm VAR is already presented
above (see equation (3)).

To conceptualize, Choleski decomposition allowseaeshers to order series,
which implies that series ordered first are causesontemporaneous time of those
ordered second, second-ordered series cause tdieded series, etc. The Bernanke
factorization, discussed below, allows researctwerslax the Choleski patterns.

Although if contemporaneous correlation betweenesers weak it implicitly
reflect on weak causal relationship between seifitisey are zero then ordering does not
matter, ifo; is different from zero, then it is harder to idgnthe ordering of series.

In this context, if we have the strictly structux8AR, the economic theory is imposed to
dictate existing contemporaneous relationships éetvwariables.

The Bernanke factorization makes it possible tosmer a more general pattern
of causation between series. As already mentiofeatiorization assumes modeling of

observed innovations j{efrom VAR as a linear function of orthogonalizethovations

(Uy).

Uy, 1 a, a;|e,
(7) Uy [Tl 1 ay|ley,
Us, ay a, 1|6,

Bernanke’s approach of identification looks for toist, mutually orthogonal
behavioral shocks that drive the model, and lagg&tionships among the variables are
not restricted. The "Bernanke decomposition" assuameover-identified structure for the

VAR innovations, and also requires a particidausal orderingon the variables. This
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imposition may itself be arbitrary in case theoes not give clear identification of
causal structure (Bessler 1984Recent innovations in DAG modeling can help in
providing the causal-ordering behind the Bernan&etdrization. A DAG-generated
contemporaneous structure helps identify some ¢ymausal inference through study of

the variance-covariance matrix of variables. Thisle discussed below.

3.5 Forecast Error Variance Decomposition

The forecast error variance decomposition procedlimvs us to look at the
variables in different time horizons. Based on theovations of the series we can
identify ones that have the most explanatory pawver time.

Using a VAR representation of X series (¢ ®1Xi1 + ... + O Xk + 9), if
we assume that all future error terms are equaeto (e, 6«3, ... = 0), one can
forecast values of X up to any time horizon in fbmure. The forecasted value in t+1
from current time (t) will be based on all possiblailable information, although as we
proceed in time we use forecasted values as a mfothe past information. When actual
values are observed, we can estimate the fit ofarecast by differentiating forecasting
and actual values of X, an estimated differencewaats for the forecast error (X -
X'n) = forecast error at horizon h). If we revetisis type of judgment and present it
in the Moving Average representation we can foreftaare X by setting the forecast of
future error term equal to zero;

(8)  Xwh = Ocn + O184n1 + 028 +n2t O84n1 + ...
Forecast of X in time t+h can be written as follows

9 X'n = O (ef t+h =0) + @1(81c t+h1=0) + ... +Oa + B8 + OB + ...
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where (& =0, h=0,1,2,...).
Subtracting equation (9) from equation (8) givagtast error at time t+h
FEw2 = O¢as2 + O184

This forecast is a moving average representatiandsr (h-1).

3.6 Directed Acyclic Graphs (DAG)

Directed graphs are a visual representation of wsatarelationship between
variables. It investigates non-time sequence asytngnie such relationship. A formal
description of DAG follows, which consists of orddrtriple <V, M, E>:

V represents the non-empty set of vertices (vaggbl
M is non-empty set of marks (symbols that are a&sigo the end of undirected edges.
E is the set of ordered pairs.

Each member in E is an edge; those vertices tleat@nnected by an edge are
adjacent.

Depending on the direction of the graphs, DAG carstirted into the following
categories:

(i) Undirected graphs that do not have an arrowd #us do not indicate a specific
direction of causation (e.g., A — B).

(ii) Directed graphs containing only directed ed@®s— B)

(ii) Inducing path graph that has both directed ardirected edges (A B); and

(iv) Partially oriented inducing path graphs that hdwected (), bi-directed ), non-

directed (o — 0), and patrtially directed edges{p(Awokuse and Bessler 2003).
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Directed acyclic graphs are based on the notioranfditional independence,
which allows identifying common causes betweenaldes or by conditioning, screen-

off certain relationships that might be present.
(10)  Pr(x,X,,Xs,..X,) = |_| Pr(x |pa)
1=1

Pr is a probability operator for verticeg x,, ... X, and pais a realization of some subset
of variables that precede ¥ order (¢, X2, X3, ... X,). Judea Pearl (1995) provided a
thorough study on causal diagramd®iometrica He proposed the notion of d-separation
so that the decomposition of conditional indepedaran be used to read off the graph.
Definition of d-separation:

Let X, Y, and Z be three disjoint subsets of vextiin a directed acyclic graph, G,
and letp be the path between a vertex in X and a verte¥X;iripath” refers to any
succession of edges regardless of their directibns.said to bloclp if there is a vertex
w on p satisfying one of the following conditions:

)] w has a converging arrow alopgnd neither w nor any of its descendants are
onZ, or

(i) w does not have a converging arrow alpngndw is in Z.
Z is said to d-separate X from Y on graph & K]Y|Z)G, if and only if Z blocks
every path from a vertex in X to a vertex in Y.
As shown by Geiger, Verma and Pearl (1990) thereaisone-to-one
correspondence between the set of conditional ewE#gnces, X DY|Z), implied by

equation (10), and a set of triples (X, Y, Z) thatisfy d-separation criterion in Graph G.

Specifically, if a set of vertex consists of A, &)d H vertices, the G implicitly assumes
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that conditioning on H, A and B are uncorrelatéds tondition holds if and only if H d-
separates them.

The exact notion of d-separation was incorporatgdSpirtes, Glymour, and
Scheines (1993) in PC algorithm using the notiosegfset to build Acyclic Graphs.

Notion of sepset refers to the (those) conditionuagiable(s) that remove(s)
edges between two adjacent variables in the vex¢¢x/. Removal of edges are done
sequentially based on zero correlation and pacaiditional) correlation. If we have the
triple in the vertex set V (X, Y, Z), these verschave edges between them, but not
necessarily directed:
X =Y -Z, X and Y are adjacent in such set and s “arand Z, but X and Z are not
adjacent.
Y is not sepset if edges are arrowed to Y both f)0oand Z
11) X->Y<Z
When we have the following structure whereXY — Z (X and Y are adjacent, Y and Z
are also adjacent, X causes Y, but Z is not arreadbd to Y). This type of form
implicitly excludes the option from equation (1Where Z can possibly cause Y, this
logical inference leaves us only with directionY Z, so that the final causal form would
be: X—>Y — Z

When this relationship is investigated empiricallye test hypothesis whether
conditional correlations between variables are iBaggmtly different from zero using
Fisher'sz statistics, where is defined az( (i, j/k) n) =% (n - |K| -35’2In {(2 + p ((,

iRD (11-p G, N,
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n refers to the number of observations used tanes# correlationsp (i, j/k) is a
correlation between seriésandj conditioned on seriek, conditioning on k correlation
between andj series is removed; and [Kk| is the number of veesaink.

If distribution of i, j andk are assumed to be normal arfig j /k) is a sample
correlation betweenand]j series conditioned ok, thenz(p(i, j/k) n) - z( r(i, j/K) n)is
standard normal (Awokuse and Bessler 2003).

Type | and Il errors in PC algorithms are assodiamth the fact that the
causation and/or direction of arrows can be exdudden they should be present.
Spirtes, Glymour, and Scheines (1993) have invasdythe probability of the presence
of these types of errors, as they suggest chariasars are quite small. However, if the
sample size is small (less than 200 observatiahsh there is a considerable chance of
an error; it would omit edge when it should noteTérror related to arrowheads is more
probable than incorrect edges between vertices.aAmesult, they have suggested
decreasing significance level for big samples amileasing it for a small sample size.
Typically, it is recommended to use 10% significarlevel for sample size consisting
from 100 to 300 observations, 20% for that of ldssn 100 (Spirtes, Glymour, and
Scheines 1993).

Advantage of using DAG for a VAR identification asnotion of freedom froma
priori restrictions. This type of analysis allows us ¢onpare results revealed by data to

those dictated by a theory (structural model).
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3.7 Number of Appropriate Lags in VAR Models

It is important to choose the correct number otlagthe VAR. In general, lags
can go in length infinitely, but as time goes b#uo& explanatory power of remote lags
diminishes. Also, including too many lags reducegrdes of freedom in our models. The
selection of optimal number of lags is determingd/drious statistical tests.

One of the approaches for lag identification isuke of the Likelihood ratio test.
L(k) = (T-c)(logkk-1| - logkk]); k=0, 1, ..., K, wher&k is the variance/covariance
matrix of residuals from a VAR with k lags; T tise number of observations; C is a
small sample adjustment equal to the number oft-hgind side variables in each
equation of the VAR; “log” is the natural logamth and K is the maximum lag priori
suggested by a theory.

The null hypothesis for the likelihood ratio testtihat the parameter associated at
lag k is not statistically different from zero. Weject the null hypothesis for the high
value of L (k) (it is distributed Chi-squared wittwo degrees of freedom). 1%
significance level is suggested for this test (S1980).

Loss functions are also used to identify lags iivamate and multivariate models,

Schwartz loss function (SL) and Hannan and Quihhsieasure are more recommended

by authors.
SL = log| + (mxk)(logT)/T
M = log|+ (2.01)(mxk)(log(logT))/T,

whererl is the error covariance matrix estimated with ggressors in each equation, T is

the total number of observations on each seried,imrpractice SL is used for large
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samples (Schwarz 1978). SL is computed for varlags and the one with minimum

value Schwartz loss function is selected.
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CHAPTER IV
RESULTS

4.1 Data

Annual data for seven U.S. states (CA, GA, IA, K&/, OH, TX) farmland
values from 1950 until 2003 was provided by ERSDASAverage U.S. level data was
also obtained from ERS, U.S. dataset covering greg@ from 1960 to 2003. Imputed
returns to farm assets have been used (sourceDAUS

Specifically, total net returns to farm assets Ibsn derived as a sum of returns
to asset and total real capital gains on farm assadividually, net returns to assets and
total real capital gains on farm assets have bespated as follows:

Total real capital gains on farm assets equal Bagital gains on farm physical
assets plus Real capital gains on farm financegtas

Returns to farm assets equal Income returns to éesets and operators' labor
and managementplus Net rent to nonoperator landlofdg)lus interest on real estate

debt?® plus interest on nonreal estate debt, minus istesa operator dwelling, minus

! Ken Erickson, * Returns to operators is similan&t farm income, with only one difference. ThelNF
measures the net income generated from the farindas AND the operators on farm dwelling, while
returns to operators measures the net income gedeby the FARM BUSINESS. The difference
between NFI and RETOPER is the amount of net incattmduted to the farm operator’s dwelling. Both
the gross income and expenses for these accouifis dinly by the income or expense for the farm
operator and other farm dwellings. */
/* Returns to operators = gross receipts of fafexsluding)
- nonfactor payments
- factor payments */

2 Including government payments, capital consumptoal operator dwellings.
® Inclusion of interest paid on farm debt is justifiby the fact that returns refer to assets negtéty
(Melichar 1979).
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imputed returns to operator’s laominus imputed returns to management.

Land values refer to farmland and building valee acre. Both land value and
returns to asset (net return) have been deflated tise GDP deflator.

Debt to asset ratio figures were obtained fromEeenomic Research Service
(ERS), USDA. These figures refer to the ratio afrfeaccumulated debt to farm asset
value.Farm Acreage and GDP deflator was also obtainea RS, USDA. The 10-
Year Treasury Bond rate was obtained from the vielodithe Financial Forecast Center
(http://www.forecasts.org/data/index.htm). There m®n-uniqueness in arguments
regarding considering different interest rates. eyflall have their disadvantages and
advantages. Researchers do not agree on choosiegesin rates; some consider
municipal bonds rates, while others give priorit@dMoody’s AAA, etc. The preference
for the 10-Year Treasury Bond rate is primarily égxe of its matching maturity of farm
real estate loans. All data are in Appendix D.

The primary reason for selecting five variablesaadition to land values for
study was the recommendations of previous reseacheno have used the same
methodology to study farm asset dynamics. Awokus® Ruke (2006) suggest future
study to focus on a small set of variables, arguivag additional variables do not fulfill
the model rather, they induce spurious results.

It has been a challenge to develop an aggregatsumedor urban influence

relative to the increasing demand of land for depeient and recreational purposes.

* (labor hour X wage rate
® [0.05*(crop receipts + livestock receipts + govaeamt payments - feed purchased - livestock anctnyoul
purchased)].
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The majority of previous studies concerned witls tissue have failed to find a
close proxy. The most commonly used measure oflpbpn density not only results in
insignificant effect but fails to capture a growingpncern of urbanization and
commercial development (Awokuse and Duke 2006).sTke do not pursue analysis
with population density. Basic summary statistasdach series, as well as statistics of
residuals from levels VAR model in all seven U.ttas and an aggregate U.S. level,

are provided in tables B.1. & B.2., respectivelgg#\ppendix B).

4.2 Testing for Stationarity

VAR in levels were fit separately to investigate ttelationship between land
values (in real terms), farm acreage, real rettorfarm assets, debt-to-asset ratio (D/A
ratio) and interest rates in seven (7) U.S. staeswvell as in the U.S. aggregate
measurement.

Before any autoregressive applications, the teststationarity were performed
on each series. Both Dickey-Fuller and Augmenteck&y-Fuller tests were conduced
on all series. Because of inconsistency in resuoltboth tests and variation between
series, VAR was performed on undifferentiated serfeevels Lagged VAR) and
residuals were checked for stationarity (Nerloveseter, and Carvalho 1979).
Computed t-statistics for all original series amdiduals from VAR are provided in
Tables B.3. and B.4., respectively (see AppendixTB residuals were obtained from
the three lags of level VAR. Estimated t-statstior all residuals are less than t-test

critical value for DF test (-2.89). This allows tes perform a VAR analysis in levels.
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The values of variables were normalized due tohtnge difference in variations in the
series and difficulties to plot impulse functiopresentations on a same scale chart.

Schwarz criteria was used to investigate the lengthappropriate VAR lags.
Summaries are provided in table B.5. in Appendix ayng with Akaike and Phi
information. The lag corresponding to the minimuomter of Schwarz loss is usually
suggested to determine number of lags in the sefies results indicate a single lag
VAR resulting in the lowest Schwarz loss in all sestates and U.S. data. However, as
has been found and discussed in previous litergidstao 1979), we want to guard
against under-fitting. The number of lags sugge$tganinimum Schwarz criteria for
small sample size may be under-fit so three lag® 8elected to guard against biased
estimators. The consequence of fitting too smafth@del results in bias, while the
consequence of over-fitting is inefficiency. Sinamalysis is performed on a small
sample size, the choice has been given to the thtection (Hsiao 1979).

Results for R and Durbin-Watson (DW) statistics are providedahle B.6. in

Appendix B.

4.3 Results of F-tests from VAR

The results of VAR estimation corresponds to themadized original series and
three time lags of modeled variables. As suggesyefims (1980), interpretation of the
VAR estimated coefficients is difficult; thereforese provide F statistics from VAR
models to show effects of lagged variables on iddial series (see tables B.7.-B.14.,

Appendix B).
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As can easily be detected, farmland values are stl@oogenous in the seven
states and an aggregate U.S. analysis. Land vataemost always determined by their
lagged values. A few exceptions have been idedtiffst the 5% significance level,
farmland values in NY are influenced by lagged D&fio, by interest rates in Georgia,
and by real returns to farm assets in lowa. Retappear to affect farmland values in
Ohio, if the significance level is increased ud@. In Kansas, lagged values of farm
acreage influences farmland pricesal0%. The TX, CA and U.S. aggregate farmland
value analysis does not exhibit any strong inflgeatlagged values of variables in the
model except for itself. Results from the majoriagtural states (KS, IA, GA, OH,
NY) show some significance of primary determingnégsurns to farm assets).

Perhaps part of the reason CA and TX did not sheswults similar to other states
is because other factors affecting farmland prazesnot considered in this analysis. For
example, in California omitted variables may becsietive forces, urbanization, and
commercial development; whereas in Texas omissmag well be factors related to
cattle farming or considerations of energy sectal @rbanization.

Other than the lagged figure of farm acreage, ouri@m acreage numbers are
affected by lagged values of real returns to fassets (CA, GA, IA, USA), as well as
lagged value of farmland prices (GA, KS, NY, USA)USA aggregate analysis shows
the farm acreage to be significantly affected bignest rate, at the 5% level. Farmer
decisions related to farm acreage are greatly m@ted by the prices they have to pay
for land, as well as expected returns on farm assequired (capitalization framework

approach).
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Real returns to assets appear to be completelyeewog at the aggregate U.S.
level and are not influenced even by their own é&bgalues. A similar pattern has been
detected in Texas. This behavior may be explaineth® unobservable nature of future
farm returns.

However, several states show a significant effdctagged farm acreage on
returns to assets (CA, GA, IA, KS). Lagged farmdlavalues are also significant
determinants of returns to farm assets in GA, IA;, dnd OH. This latter result is
reasonable as capitalized gains from owning aiceatzreage of land are captured in the
returns to farm assets. Lagged Interest ratestaktarns in CA at the 5% significance
level; whereas the lagged D/A ratio is significamtNY and IA, at the 5% and 10%
significance levels, respectively.

Debt-to-asset ratios are exogenously determinélor@e states (CA, IA, and KS).
The importance of lagged interest rates, along thigir own lagged values, co-influence
D/A ratios in GA, NY, OH, and USA data. Although @H the lagged value of interest
rate and D/A ratio, along with lagged farm acreagd returns, have shown a strong
influence at the 5% and 10% significance levelspeetively. In Texas, a slightly
different pattern has been detected. The D/A rigtidetermined by lagged farm land
prices along with lagged D/A ratios, &tevel of 10%.

Interest rates are influenced by lagged valuestloéroproposed variables. One
might not consider analyzing the model generatagy tcurrent values as agriculture has

a small proportion in the U.S. economy. However,has well been documented in
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several research papers, the price index of agmi@lland mineral commodity has been

observed in predicting monetary condition in theremny (Frankel 2006).

4.4 Directed Acyclic Graphs Results

The innovations (residuals) from the estimated VA& be used to study
contemporaneous information flow among our fivealales.

Several assumptions and restrictions have beensatpon the DAGS, primarily
caused by the difficulty of identifying the conteanganeous causal-effect pattern across
states. First, interest rates were assumed to bpletely exogenous, followed by so
called ‘second-tiered’ variables (returns from faassets, acres, and D/A ratio). These
variables were treated as exogenous variables whfsiring their relationship to
farmland values. However, interest rates were gethito affect these ‘second-tiered’
variables. The results reported here are basedhen20% significance level, as
recommended by Spirtes, Glymour, and Scheines |1938@ results are given in figures
C.1.-C.8., Appendix C.

D/A ratio is identified in the cause-effect relatship contemporaneously
affecting farmland values. Except for New York $tdhe rest of the states considered in
this research and the U.S. aggregate analysis stiomg evidence that the D/A ratio is a
primary determinant of farmland valueBhese results further confirm the research by
Mishra, Moss, and Erickson (2007) regarding thet-debvicing ratio’s influence on

farmland values.
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In Georgia, real returns to farm assets, acres, iatetest rates influence
farmland values indirectly through their effect DfA ratio. A slightly different pattern
is depicted in the DAG model found for Texas. Spedily, interest rates directly
influence farm asset values, further influencingA Datio along with returns to assets
and acres.

In Ohio, farmland values also exhibit indirect etk of interest rates via D/A
ratio. Analysis of aggregate U.S. data shows D/f#orand interest rate both directly
influence farm asset values in contemporaneous @Aeand IA show a similar pattern
of D/A ratio directly affecting farm asset valuesd interest rates affecting returns to
farm assets and D/A ratio. Similarly, in IA, ireet rates directly influence farm asset
values. KS also shows independent effect of D/forahd interest rates on land values.
Farm returns and D/A ratio show an unidentifiecatiehship, which can be partially
explained by the small sample size.

As mentioned above, NY is the only state whereDheratio does not influence
land value in contemporaneous time. Quite interglst, it is the only state where acres
appear to be an important determinant of farmlamzep along with interest rates.

The results from DAG can be justified by the ecommonelationship between
variables. The significant importance of D/A ragmot surprising due to the increasing
effect of credit constraints captured by this iadoc. Debt and asset values identify
sector solvency and financial condition of the fatmfact, asset values considered in
D/A ratio already encompasses returns to assetapithl gains holding them. Although

returns to assets have been considered as a funtidmentributor to farm asset values,
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generally its importance is largely cited when long market equilibrium is considered
(Schmitz 1995). The contemporaneous relationshipek between these two variables,
perhaps because actual returns are not realizakileauuture time. However, as stated
above, their contemporaneous effect has been dawvier into the D/A ratio.

The effect of interest rates on asset values agasune of cost of capital also
confirms the economic rationale behind its relattop to farm assets. It is tied to credit
constraints and financial conditions. The sizentériest rates determines farmers’ wealth
and affects future investment decisions.

A U.S. aggregate analysis and that of four (4)estdf X, NY, KS, IA) finds
interest rates to be a strong direct determinariaiwh asset prices in contemporaneous
times. In the other three (3) states, interegtsréave an indirect effect on farm values

through their effect on D/A ratio.

4.5 Impulse Response Graphs Results

Impulse response graphs depict responses of vasiabla one-time-only shock
in the innovations of a selected variable in thedeloAs my primary interest is in
farmland values, it is essential to investigate how average, farmland values react to
shocks in all right hand side variables in the nhobteaddition, the responses of other
variables are of great interest and worthy of adersition. The impulse graphs for all
seven states and US aggregate are provided (Seedig.9.-C.16., Appendix C).

As depicted in figure C.9.-C.16., land values resppositively to a one-time-

only shock in land value innovations. They dewifitom market equilibrium, on
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average, for ten years. Initially, they exhibiggiadual increase for three years, sustain
increased prices up to six years, and then sholova decrease. TX is the only state
analyzed here that shows a 15-year departure dfpaces from its equilibrium level.
NY shows an instantaneous increase with sustairiedspfor three years, and a gradual
descent for two years to its market equilibriunthia fifth year.

Farmland values respond negatively to a one-timg-simock in acres. CA and
TX farmland values individually exhibit a slightlyositive response for the first five
years, then slowly turn negative. NY is the onlgtstwhere a shock in farm acreage
causes land values to increase. Data indicatdtttedtes around eight years until prices
get back to equilibrium, followed by a negativep@sse.

Except for three (3) states, land prices resporsitigely to shocks in real farm
asset returns. The increase is sustained for alage®f 11-13 years until prices return
to the pre-shock level. Land prices in NY respoadatively to a one-time-only shock in
innovations of returns, and CA and TX also shovegative, but negligent response.

The results are particularly interesting with a-din@ge-only shock in innovations
in D/A ratio, since prices respond negatively teshack in this ratio. The majority of
states and U.S. aggregate data reveal a similéerpat Misha, Moss, and Erickson
(2007) argue that if there is not a correspondimgyaase in income, relative to an
increase in agricultural debt, this simply impliesreased bankruptcy risk. The latter
conditions may urge bankers to raise interest rabesged on debt and, as a result,
farmland values decline. However, a negative respafoes not last longer than 4-5

years, after this asset value turn returns to &ipevalue responding to a shock in D/A
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ratio. Another argument can be used, it is genepksumed that appreciated values of
farmland serve as collateral for banks to finarmening, i.e., increase a total dollar
amount of debts (Schmitz 1995).

The U.S. aggregate picture shows that restoratfolara price equilibrium is
delayed several years following a shock.

Farmlands in NY have a slightly positive resporsea tshock in D/A ratio and
are quickly restored to equilibrium before turnimggative.

Farm asset prices also respond negatively to akshoioiterest rates. GA, NY
and the aggregate U.S. graphs show that since ck slamises prices to deviate a great
deal from historical values and is sustained flang period of time. KS and OH exhibit
a negative response changing to positive only adteryears. Land prices in TX have a
dampened but positive response, gradually decrgasitil equilibrium is restored. TX
is the only state where a negative effect was eteéaded. This last result may be due to
the fact that Texas land has considerable oil aaml rgserves and increasing interest
rates change the rate of usage of storable resurce

Increase in interest rates implies a reductionapital asset values; however, it
has to be noted that because of the non-liquidraeatti farm assets, its response to a
change in interest rates is not as spontaneousnfitycas with other financial assets
(stocks, bonds, etc.). But as 10-year Treasury Batelproxies an average interest rate
on agricultural debt, then their inverse relatiopsitearly describes financial contraction

caused by an increase in risk.
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4.6 Forecast Error Variance Decomposition Results

Forecast Error Variance Decomposition (FEVD) isaéiarnative way of looking
at relative effects of variables in the model tt@ttribute to a certain degree of variation
in the variable of interestThe standard error of the forecast is decomposadspecific
time horizon in percentage terms of past innovatiah each series in the VAR.
Specifically, in the framework of this research, VES look at forecast error
decomposition in land values, acres, returns tm fassets, D/A ratio and interest rates.
Although the output of shocks is generated for 2éry, only zero to six years are
presented here. Zero (0) refers to the contemporentime, whereas years 1-6 are
associated with year 1 through year 6 time horizéng to the nature of this research,
consideration of 0 and 1 time horizons offers dype for contemporaneous and short-
term casual-effect relationships. At the same tilneking at 5-6 years provides an
alternative outlook for the possible long-term babrof prices and other variables. The
results are different, yet similar in some waysgnfrstate to state. Regardless of the
exogenous nature of land itself reflecting in itgality, location, etc., the results are
generalized across states and, consequently, cmoparto U.S. aggregate results are
presented.

The empirical results of forecast error varianceoti@position are consistent with
the results obtained above. Specifically, in rega@ contemporaneous time, we see
similar patterns. Besides land value itself, D&a appears to contribute a significant

portion of the variation in land prices.
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Land value itself explains changes in its foreemstr variance as low as 21.06%
in an aggregate U.S. data to as high as 86.05%dwar York. In lowa and Texas, land
value accounts for nearly 50% of explanatory powin other variables proposed. The
results are presented in tables B.15.-B.22., AppeBd

In Kansas and in Ohio, D/A ratio explains more tH&0P6 of variation in
farmland price uncertainty, 57.11% and 55.78%, eespely. Standard errors in U.S.
aggregate land values have also been identifiedMy ratio (51.22%). The lowest
percentage of D/A ratio has been detected in Gap.67%, if not counting New
York, where D/A ratio has a zero (0) value conttidw in farmland value variations in
contemporaneous time.

Farm acres and returns to assets contribute vewll gmercentages to land
variance decomposition. Returns from farm acreageunt for around 2% of variation
in land value in only Georgia, Kansas, and Texdsreas acreage explains land value
variation in New York by 7.92%, in Texas 3.16%, &86% in Georgia.

Interest rates are the third greatest contributdard value forecast errors, after
the effect of land value itself and D/A ratio. Ud&§igregate data show it to be the second
largest contributor after D/A ratio, attributing.Z23%. lowa and Texas farmland values
have been greatly influenced by interest ratesr(agmately 12%); California exhibits
the lowest share of interest rates of all the stptesented here (1.54%). In New York,
where variations in farmland values have been alragsgenously explained by land

values (86.05%), interest rates share half of ¢éinearning variation with farm acreage.
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The results of one-year horizons slightly defernfrahe contemporaneous
analysis, with each of the variables exhibiting@mental increases in percentage.

Farm asset returns appear to contribute more tw Vatues as time increases,
although results still show D/A ratio and intereates as the major contributors to
uncertainty in land values. In a six-year time hon, as depicted in tables B.15.-B.22.,
Appendix B, farm asset returns explain 25% of theation in forecasts of lowa land
prices; around 10-11% in U.S. aggregate data, tuip @nd Kansas. In Georgia, farm
asset returns contribute only 8% of the uncertaimtiand value. Texas and California
exhibit the lowest percentage of returns, appro@ga).5%. Farmland values in New
York do not appear to be greatly explained by redwgither, although this share (3.14%)
is larger than that found in TX and CA.

In the long run (six years), acreage and inte@ssrshow increasing importance;
whereas the D/A ratio shows a decreasing influehtdJSA aggregate analysis, the
latter's share in year 6 drops from 51.22% in ye&n 12.55%. The relative decrease is
similar in other states where D/A ratio appeareta@odominant in the first few years.
New York is still the only state where D/A raticaglalmost no significant role in land
value variation regardless of the time span.

While D/A ratio declines in relative importancetarest rate gains importance in
its percentage contribution to variations of famagrices. In some states, the increase
in interest rate’s share is particularly huge. lemNYork, interest rate’s share increases
up to 47.60% at the end of period 6, from as l0v8.88% in contemporaneous time. In

Georgia, this swing is from 3.33% to 48.05%. Insénates in lowa, Ohio, and Texas
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indicate very consistent shares in farmland vamgton average explaining 10% of it at
any time horizon presented here.

California and Kansas also show a small but contisuncrease in interest rate’s
share of forecast uncertainty in land values, algfmoits relative share still remains low
in both states [CA — 1.54% (contemporaneous), 8.96%ear horizon); KS — 3.77%
(contemporaneous), 6.62% (6-year horizon)].

The U.S. aggregate picture shows an increasingrpaitt the share of interest
rate on land values. An increase occurs in thel thear; years 3 to 6 show slight
changes. From 27.73% of explanation in contemmmas time, interest rates
contribute up to 48.84% in farmland price variatairihe end of year 6.

Changes in farm acreages appear to be primarilgem@us in contemporaneous
time, slowly being influenced by other variablexsthy farmland values, interest rates,
and returns throughout the next six years. In rstaes, acreage itself explains most of
variation, except for New York, where at the eng/@hr 6 horizon, interest rates explain
25.11% of farm acreage variation. Although the o#ie (6) states analyzed here do not
exhibit the pattern as seen in New York, U.S. agate results are consistent not only
with that of New York, but also shows a completdifferent pattern. Starting from year
1, variation in acreage is shared with the D/Aad81.88%); along with past acreage
(59.34%), interest rates, and land value, explgiainout 4.5% each. As the time horizon
increases, the share of farm asset return increbstxt, starting from year 3, as shown
in U.S. aggregate analysis, returns explain 41.0®%40 58.07% (year 6) of farmland

acreage variations, jumping basically from zerotgbation in the contemporaneous
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time. The relative importance of debt-to-assebratiexplaining acreage decreases from
31.88% (contemporaneous) to 13.89%, and interéss explain up to 5.5% at the end
of year 6. Land values determine 6.89% of acreag@ton and acreage itself decreases
noticeably from a highly exogenous indicator (100&ontemporaneous) till 15.74% in
the 6-year time horizon. These results practicaltlicate how the decision related to
farm acreage is strongly tied to land values, abdity of credit, and returns to farm
assets.

Forecast error variance decomposition in real nstto farm assets shows a very
similar pattern in all seven states, as well as. &@regate data. Specifically, real
returns are explained by interest rates; in soratestby D/A ratio, small portions of
unexplained variation is being attributed to fanmdavalues and farm acreage. The
rationale behind these types of results are easlyfiable by economic theory. A 10-
year Treasury Bond rate, as a proxy for the cosiagpftal imitating the interest rates on
farm accumulated debts, determine the size of tat® (via the effect on farm
accumulated debt and asset value).

As can be noticed from the results of U.S. aggeegaglysis, in the year 6 time
horizon, returns themselves explain 68.14% of Wianainterest rate — 16.49%, and land
values and D/A ratio sharing 6.19% and 7.36%, reispady.

Interest rates are exogenous over the first fewsyee forecast error variance in
interest rates are primarily attributed to intemagés (their previous errors). The relative

contribution of other variables in the explanatiohinterest rate’s error variance is
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shared by land values at the longer horizons. Wais discovered in several states, as
well as for the U.S. as a whole.

To conclude, the results generated by the VAR FstedError Variance
Decomposition for different time horizons once ageonfirm increasing and dominant
power of debt and interest rates to land values.r€bults from Error Decomposition are
consistent with those depicted by DAG and impuésponse function.

Due to the difference in imputation procedures afiables, as well as variation
in applied methodology, the results obtained werteempected to be exactly the same in
numbers as those of other research papers. Thegaaiy compatible with those that
have questioned a traditional asset pricing modelheave provided some evidence of its
weak power in explaining farmland prices (Falk 198thmitz 1995; Featherstone and
Baker 1987; Mishra, Moss, and Erickson 2007).

It is of great interest to compare the findingsto$ research with the results of
he research paper by Awokuse and Duke (2006) @heutausal structure in land price
determinants, since it employs the exact methodolAgsignificant difference between
these two papers is the inconsistency in imputetyrns to farm assets, as well as
number of variables used in analysis. Their analglU.S. and Kansas data finds strong
evidence of a direct effect of farm debts on famal values, although it differs from this
thesis in finding a direct contemporaneous caus&dsn returns to farm assets and land
prices (returns causing prices). Inflation and agesappeared to be indirect contributors

of land prices.
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In our research Kansas, farmland values were tiraffiected by D/A ratio and
interest rates. Returns have appeared to havendinedt effect (in some cases
unidentified because of the sample size) via DMord he results from U.S. data were
similar to Kansas State.

A parallel can be drawn with the findings of Feastene and Baker (1987),
although they only considered fundamental variadetirns and interest rates). Their
VAR analysis suggested that farmland values tenedieviate from fundamental
determinants and that these deviations were atédbto other variables, not considered
in their analysis, but suggested (debt, inflatetc,).

The significant importance of D/A ratio is consiste with the findings of
Mishra, Moss, and Erickson (2007). They considereatensive effect of financial
condition on farm asset values and their signifteaduring the boom-bust cycles in
farmland history.

Just and Miranowski (1993) also have placed greagivt on the importance of
interest rates, debt, and inflation during thatetias specifically evidenced in the state of
lowa. Schmitzalso considers debt constraints to be a primamro@bant to erratic price
swings, which prevailed in Canada in the 70s ansl &#xasy credit amounted to an
increase in wealth without an appropriate increaseet farm income, which inherently
resulted in appreciation in farmland values. Instebntext, net farm income as a
fundamental determinant of farm prices is not asidant as we thought before we

conducted this study.
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CHAPTER V
DISCUSSION AND CONCUSIONS

From the analysis performed in this thesis and ftbentheoretical framework of
farmland valuation, one conclusion can be easigmdr The literature on farmland is
mixed on explanations of why farmland values chafges is a complicated area in
which a consensus in results is a challenge tceaehiOne might explain difficulties by
the fact that empirical estimation, measures, amdhauds differ across states by a
dynamic evolution and integration of other secwmireconomy that have a direct affect
on agriculture.

Limitations of the traditional Present Value Modéht uses returns to farm
assets and interest rates have been confirmed asetiares, primarily by those
researchers that employed time series analysisnofaimental components (Featherstone
and Baker 1987; Falk 1991; Schmitz 1995; etc.)sTthiesis is in accord with these
authors. However, it offers an alternative estioratitool (DAG) to unveil
contemporaneous causal-effect relationships pliegagind revealed in the data.

In most dynamic analyses, farmland prices favordamental determinants
(returns to farm assets) in a long-run horizonweber, the relationship between returns
and farmland values is not always identifiable wheswed in the short run (Schmitz
1995). Importance of farmland to agriculture asiagor capital asset is unquestioned.
Due to its increasing importance, the dynamic ofmfand prices is a subject of much

research and investigation.
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Unfortunately, attempts to understand the behasfofarmland value are still
obscure. Differences in explanations found by nedesais cause repeated revisions in
methodological approaches, variables used, and@stetime spans. Recent findings
that incorporate consideration of non-fundameraatdrs (macroeconomic or financial
variables) have offered a significant improvement grogress in modern analysis
(Awokuse and Duke 2006; Mishra, Moss, and Erick&od7; Schmitz 1995).

The research methodology utilized in this thesiesdioot claim to be unique, nor
does it attempt to fully describe farmland valuaaiyics. An advantage of the proposed
analysis is that relationships between variablesnaitigated by data withow priori
restrictions. Because of the lack of these resinst quantitative results and their
magnitude are different from results found in poerd research. However, a general path
of perceived farmland valuation has been foundcBpally, in contemporaneous time
the DAG graphs indicate debt to asset ratio cates@sland values. Interest rates also
cause farmland values. With a few exceptions, @sterates and returns to farm assets
indirectly affect land values through the D/A ratio

The importance of the debt to asset ratio in fanchlaricing is a particularly
valuable finding of this research. The effects @cnoeconomic variables over a longer
horizon via the interest rate, is also a strongltex this study.

Real returns to farm assets do not appear to beviagiforce in several of the
states analyzed. Real returns to farm assets migrtplay an important role in
determining land prices in the major agricultur@tas such as lowa, where it explains

25% variation in farmland prices. Further, the nensbfor Georgia, Kansas, and Ohio
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are around 10% each. Real returns explain about dfl%rmland values across the
United States. The importance of fundamental detemts has been identified in a
longer time horizon. Interestingly, neither Calii@, Texas, nor New York have shown
to be greatly affected by fundamental contributoihis can easily be understood by
other relevant factors found in these states bggiilese considered here. For example,
California has shown great dependence on farm soyweondition as identified by Debt
to Asset ratio regardless of the time horizon. erdest rates are greatly dictating
agricultural land prices in New York. Texas farnmdarexhibit a distinctive exogeneity
from all the variables suggested; 78% of land pvieation for long-term horizons have
been determined by farmland value itself; with iegt rates and debt to asset ratio
sharing the remaining small percentage. Ohio is dhly state where farm acreage
determines land prices in the long run. The primagson that state results are not
completely consistent with each other is attributedhuge variations in their farming
nature and economic situation in the separatesstate

This thesis was designed to generate and intemg®ilts under the same
approach for each individual state. Peculiarified idiosyncratic elements relevant to
each state were not considered. In this contextoitld have been relevant to generate a
proxy for a variable that could closely describe thcreasing pressure of urbanization,
commercial development, and other speculative #oiice California. Similarly, one
should consider the cattle farming dominance ovep production in Texas.

Some of the inconsistency in answers, as wellragutarities in the behavior of

different variables unveiled by various technigaegloyed by VAR (Impulse Response
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Functions, Forecast Error Decomposition), can lebated to the limited number of
observations. Dynamic structure of relationshipsia$¢ easily detectible with a small
sample size. For these reasons, results from thaesd¢yses might be somewhat
misleading.

We can clearly draw a pattern that has been dorinaal seven states as well
as in the U.S. aggregate analysis. Land prices bagr greatly dictated by their lagged
values, which as suggested by Featherstone and BE3&7) is due to overreactions in
prices.

As depicted by impulse response graphs, positieekshin farm acreage have
resulted in reduced farmland values in all casesidered. This draws our attention to
several factors. Increased land supply implies eedwprices; however, this might not
have significance on farmland, because of an itielaature of farmland supply. Inverse
relationships of farm acreage and values couldi$mudsed in relationships with returns
to farm assets. Increased acreage correspondsreaged supply of crops produced,
which further results in a reduction in the valuenearket-driven returns. Farmers’
perception of lower returns capitalized in the prassalue of farmland reflects in lower
land values (Phipps 1982; Melichar 1979). Farmiegisions are greatly dictated by
economic factors. Lower gains decrease interefrming, demand for land decreases,
and as a result prices for land drop. In fact, mgoyernment programs have been
designed to decrease farm acreage in order to bwarket return and improve economic

welfare of farmers (Gardner 2003).
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The debt to asset ratio has been identified as jarnsantributor to farmland
price movements not only in a contemporaneous thoe,in most cases, at relatively
longer time horizons. Quite interestingly, farmlgmaces respond similarly to positive
shocks in the D/A ratio in all seven states, extgian initial negative response, turning
positive, and eventually returning back to equilibr. Mounting importance of debt has
drawn the attention of several researchers studfangn dynamics, especially after
agreeing on a propensity of farmland markets t® faad/or bubbles. Their importance
has been highlighted in the works of Schmitz, Mashivloss, and Erickson, Just and
Miranowksy, Awokuse and Duke, as well as othersitaddy, farmlands are major
collateral for agricultural loans; therefore, itglie is an important determinant for the
financial status of farms. Depending on the sizea afebt to asset ratio, banks decide
whether to increase or decrease financing agri@lltousinesses via manipulation of
interest rates.

10-Year Treasury Bond rate, as a measure of cosammfal, has also been a big
contributor of farmland prices in all seven staaesl the United States as a whole. As
mentioned earlier, the agricultural sector suffagerely in its ability to attract external
sources of funding. Debt is a significant source ffiding for most agricultural
businesses. Changes in interest rate affect famandial conditions. Increase in debt
increases default risk, and consequently reduces &sset values (Mishra et al. 2007).
Farmland that comprises approximately 70% of fagsets is particularly affected by
macroeconomic variables. The dynamic integratiormafkets in a modern economy

impacts business decisions between farming or mafiable sectors of the economy.
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Due to the limitation of data of urban pressurefanmlands, this aspect of the
problem was not considered in this analysis. ThestEn has partially been made based
on recommendations by Awokuse and Duke (2006). Aesalt of their research,
population density was not statistically significdor U.S. and for the state of Kansas.
Consequently, population density was not studied.he

A more thorough analysis is suggested over an dgtkrtime period and
inclusive of more states to investigate whetherlampatterns are identifiable in other
U.S. states. It is believed that a proxy shouldiéeeloped for urbanization/commercial
development pressure of farm sectors in highly midesl states. It would be interesting
to conduct VAR and DAG analyses on panel data lolU&. states considering both

fixed and random effects models for each state.
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APPENDIX A
ABBREVIATIONS and ACRONYMS
U.S. states:

CA — California

GA - Georgia

IA — lowa

KS - Kansas

NY — New York

OH - Ohio

TX — Texas

USA — United States of America

Acronyms of Variables Used in Tables and Graphs:

VAL = LVALUE — Farmland Value (in real terms)
ACRE = Farmland Acreage

RA = RETURN(S) — Real Returns to Farm Assets
DA = D/A RATIO — Debt-to-Asset Ratio

INT = INTRATE — 10-Year Treasury Bond Rate

Technical Terms:

PVM — Present Value Model

VAR — Vector Autoregression

DAG - Directed Acyclic Graph

FEVD - Forecast Error Variance Decompaosition
DW — Durbin-Watson

DF — Dickey Fuller

ADF — Augmented Dickey Fuller

SIC — Schwarz Information Criterion

AIC — Akaike Information Criterion

Phi — Hannan and Quinn Criteria
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Table B.1. Summary Statistics for Original Series D Farmland Value, Farm
Acreage, Returns to Farm Assets, Debt-to-Asset Rati Interest Rates in 7 U.S.
States(1950-2003) and Aggregate USA (1960-2003)

LVALUE CA GA IA KS NY OH X USA
Mean 22.30 11.43 17.18 6.49 11.52 18.34 6.19 D.77
Std Dev 6.52 5.42 7.04 1.97 341 6.52 1.84 .40
Skewness 0.12 -0.10 1.55 1.26 -0.54 0.75 0.04 D.48
Kurtosis -0.75 -1.02 1.64 0.80 -1.20 -0.07 -0.68 .510
Min 10.31 271 10.44 4.15 5.55 9.17 3.13 5|87
Max 35.74 22.11 37.13 11.85 16.74 34.91 10.34 1%.14
ACRE CA GA 1A KS NY OH X USA
Mean 34054.72 16423.58 33884.91 48883.02 10890.00 7041132 140635.85 1034248.%6
Std Dev 3984.18  4755.87 829.83  1181.87  2855.67 2944 8404.72 71503.08
Skewness -0.27 0.62 -0.74 0.12 0.58 0.60 0.33 D.31
Kurtosis -1.31 -0.84 0.10 -1.71 -0.96 -0.78 -1.29 1.18

Min 27100.00 10800.00 31700.00 47200.00 7650.00 004® 130000.00 938650.70
Max 39200.00 25800.00 34900.00 50500.00 16800.00 40@00 154000.00 1167699.00
RETURN CA GA 1A KS NY OH X USA
Mean 47174.00 10518.02 31519.40 12391.44 -205.33 23.39  20405.47 337327.73
Std Dev 19536.79  4943.70 13646.49  8486.38 2435.01 663.86 10395.59 130571.88
Skewness -0.04 0.19 1.55 1.68 -0.26 -0.73 1.11 .06
Kurtosis -1.07 -0.24 6.55 6.91 -0.25 1.36 6.31 8.45
Min 12920.50 -641.53  3937.83 -2436.59 -5571.73 16136 -9632.81 80511.08
Max 79988.23 22392.53 92653.77 50374.97 5572.60 88P@ 65051.95 917735.13
D/A RATIO CA GA 1A KS NY OH X USA
Mean 18.76 17.70 17.76 17.22 17.20 12.43 12.57 116.4
Std Dev 3.18 4.93 4.19 3.40 4.04 2.44 1.41 1.90
Skewness 0.02 0.53 1.16 -0.45 -0.28 0.19 -0.35 1.27
Kurtosis -1.00 -0.11 2.90 0.28 0.25 -0.26 -0.44 31.7
Min 13.46 9.75 10.28 9.96 8.52 7.73 9.43 1329
Max 24.63 28.35 31.64 25.25 26.32 17.98 14.78 22.19
INTRATE CA GA 1A KS NY OH X USA
Mean 6.43 6.43 6.43 6.43 6.43 6.43 6.43 6.43
Std Dev 2.79 2.79 2.79 2.79 2.79 2.79 2.79 4.79
Skewness 0.73 0.73 0.73 0.73 0.73 0.73 0.73 D.73
Kurtosis 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27
Min 2.40 2.40 2.40 2.40 2.40 2.40 2.40 2)40
Max 13.92 13.92 13.92 13.92 13.92 13.92 13.92 13.92

® All abbreviations and acronyms are provided in éqgix A
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Table B.2. Summary Statistics for Residuals Obtairtefrom VAR Models’

LVALUE* CA GA 1A KS NY OH X USA
Mean 0.00 0.00 0.00 0.00 0.00 0.00 0.00 a.00
Std Dev 0.14 0.11 0.19 0.17 0.12 0.17 0.20 Q.16
Skewness 0.37 0.48 0.22 -0.04 0.58 -0.42 -0.18 0.07
Kurtosis -0.01 1.46 1.86 2.02 2.98 131 2.74 1.56
Count 51.00 51.00 51.00 51.00 51.00 51.00 51.00 OO4L.
ACRE* CA GA IA KS NY OH X USA
Mean 0.00 0.00 0.00 0.00 0.00 0.00 0.00 a.00
Std Dev 0.03 0.05 0.14 0.06 0.06 0.04 0.08 Q.02
Skewness 0.34 -1.49 -3.35 -0.62 -0.38 -2.01 1.87 .23-D
Kurtosis 2.17 4.81 17.02 -0.49 1.91 6.74 8.36 q.07
Count 51.00 51.00 51.00 51.00 51.00 51.00 51.00 0041.
RETURN* CA GA IA KS NY OH X USA
Mean 0.00 0.00 0.00 0.00 0.00 0.00 0.00 a.00
Std Dev 0.37 0.54 0.77 0.68 0.59 0.74 0.81 0.73
Skewness 0.37 0.25 1.90 1.50 -0.01 0.11 1.22 .25
Kurtosis 0.99 2.55 8.16 481 -0.77 -0.05 5.38 §.81
Count 51.00 51.00 51.00 51.00 51.00 51.00 51.00 0041.
D/A RATIO* CA GA IA KS NY OH X USA
Mean 0.00 0.00 0.00 0.00 0.00 0.00 0.00 a.00
Std Dev 0.25 0.15 0.25 0.23 0.18 0.22 0.31 0.23
Skewness -0.32  -0.06 0.62 -0.02 0.00 0.65 -0.17 1p.2
Kurtosis 0.00 -0.43 3.26 1.31 0.34 0.55 1.00 a.24
Count 51.00 51.00 51.00 51.00 51.00 51.00 51.00 0041.
INTRATE* CA GA 1A KS NY OH X USA
Mean 0.00 0.00 0.00 0.00 0.00 0.00 0.00 a.00
Std Dev 0.24 0.23 0.21 0.19 0.25 0.21 0.28 0.23
Skewness 0.51 -0.24 0.14 0.10 0.06 -0.24 0.55 0.26
Kurtosis -0.33 0.28 -0.38 0.26 -0.73 0.00 1.56 40.1
Count 51.00 51.00 51.00 51.00 51.00 51.00 51.00 0041.

Note: *Vector Autoregressive Models were fittedrtgestigate relationships between farmland valfses acreage, real net returns
to farm assets, Debt-to-Asset Ratio and Interettdia seven states: California (CA), Georgia (@8yva (I1A), Kansas (KS), New
York (NY), Ohio (OH), Texas (TX) and in United Statof America (USA).

*Lvalue=Residuals from VAR model where farmlanduals considered to be a function of lagged vatdéself as well as Farm
Acreage (acres), Real Returns to Farm Assets (RatuUbebt to Asset Ratio (D/A Ratio), 10Year Tregdond Rate (Interest Rate)
*Acres= Residuals from VAR model where farmlandeagye is considered to be a function of laggedegati itself as well as Real
Farmland values (Lvalue), Real Returns to Farm #&s$&eturns), Debt-to-Asset Ratio (D/A Ratio), 18aY Treasury Bond Rate
(Interest Rate)

*Returns= Residuals from VAR model where Real Retuo Farm Assets is considered to be a functidagafed values of itself as
well as Real Farm Land Value (Lvalue), Farm Acre@ees), Debt-to-Asset Ratio (D/A Ratio), 10-Y&agasury Bond Rate
(Interest Rate)

*D/A Ratio= Residuals from VAR model where DebtAsset Ratio is considered to be a function of laiggues of itself as well
as Real Farmland Value (Lvalue), Farm Acreage €cReal Returns to Farm Assets (Returns), 10-Yesasury Bond Rate
(Interest Rate)

*Interest Rate= Residuals from VAR model where léalyTreasury Bond Rate is considered to be a fumdfi lagged values itself
as well as Real Farmland Value (Lvalue), Farm Ages@cres), Real Returns to Farm Assets (Retubedt-to-Asset Ratio (D/A
Ratio), 10-Year Treasury Bond Rate (Interest Rate).

" All abbreviations and acronyms are provided in éqgix A
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Table B.3. Tests for Non-Stationarity on Original ®ries of Farmland Values,
Farmland Acreage,*ReaI Returns to Farm Assets, Delib-Asset Ratio, Interest
Rates in 7 U.S. state(1950-2003) and USA (1960-2003)

LVALUE ACRE RETURN D/A RATIO | INTRATE
DF ADF | DF ADF | DF ADF | DF ADF | DF ADF
(K=3) (K=3) (K=3) (K=3) (K=3)
CA |-041)] -118 | 2.14| 045 -226 -1.80 -1.64 -2.16.561 -1.77
GA |0.05 | -046 | -3.49] -3.20 -291 -1.16 -1.%3 -2.111.56| -1.77
IA -1.26 | -294 | 203 | 1.78| -4.76 -2.79 -2.10 -2.62 .56l| -1.77
KS |-128| -222 | -041 -0.74 -3.78 -3.11 -2.34 -2.431.56| -1.77
NY |-091] -0.96 | -2.99] -2.76 -3.20 -2.26 -2.39 -2.641.56| -1.77
OH |-1.00| -2.25 | -5.06] -3.21 -4.95 -255 -1.93 -2.p8.56| -1.77
X |-1.43 | -1.67 | -1.13] -1.54 -591 -2.88 -2.67 -2.561.56| -1.77
USA | -1.19 | -2.39 | -2.69| -2.67 -4.00 -2.6/ -1.23 -2.83 381.-1.76

Note: * DF refers to the Dickey Fuller test on thal hypothesis that the series listed in the hegsliare non-stationary in States
listed as well as in USA. Test for each seriesbased on an OLS Regression, where first differefi@ach series given in each US
states and USA are regressed on a constant ardgnoéthe levels of itself (undefferenced laggedlie of each series). The figures
in the table refer to t-statistics associated i estimated coefficients on lagged levels vagialbhe 5% critical value for DF t-

statistics in -2.89. The null hypothesis is rejddta the t values less than this critical value.

ADF refers to the Augmented Dickey Fuller Test ba hull hypothesis that the series listed in thaedimegs are non-stationary in
levels (number of levels k=3) in 7 states listedval as in USA. The test is similar to the testatébed for DF, except that k=3 lags
of dependent variable are added to the regression.

8 All abbreviations and acronyms are provided in éqgix A
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Table B.4. Tests for Non-Sta*tionarity on Residual©btained from 3 Level Lagged
VAR Models* in 7 U.S. States (1950-2003) and USA (1960-2003)

LVALUE ACRE RETURN D/A RATIO | INTRATE
DF* | ADF* | DF ADF | DF | ADF | DF ADF | DF ADF
(K=3) (K=3) (K=3) (K=3) (K=3)
CA |-7.71| -437 | -7.53] -4.71 -6.87 -3.40 -7.30 -2.656.69 | -3.29
GA |-685| -278 | -7.64) -5.15 -5.66 -4.11 -7.28 -3.0%.91| -3.80
IA -/51 | -2.71 | -6.71| -4.100 -6.71 -3.81 -6.94 -3.036.46| -4.61
KS |-7.16| -405| -6.32] -2.79 -6.96 -3.58 -6.86 -3.34.10| -4.04
NY |-6.58 ]| -4.47 | -6.74] -3.59 -6.68 -4.19 -7.49 -4.155.60| -4.30
OH | -7.02| -249 | -6.76] -4.28 -7.88 -3.82 -6.87 -2.96.29| -3.06
X |-7.09 ] -3.34 | -7.17| -3.36 -7.07/ -4.41 -7.17 -3.546.29 | -3.83
USA|-6.54 | -3.21 | -6.64] -3.51 -6.33 -3.2/ -6.63 -3.80 0066 -3.24

Note: *Individual VAR model was fitted for each &= in seven US states as well as for USA aggregathysis. The series listed in
headings of columns represent dependent variatesath VAR models.

*Headings LVALUE, ACRE, RETURN, D/A RATIO, INTRATEefer to names of data series that have been ns¢édR models
as dependent variables to obtain residuals. Défsed the Dickey Fuller test on the null hypothebiat the residuals from series
associated to VAR dependent variable listed inthedings are non-stationary in States listed alsaséh USA. Test for each series
are based on an Ordinary Least Squares Regresdiene first difference of residuals from each VARdal in each US states and
USA are regressed on a constant and one lag ¢évibés of itself (undefferenced lagged value of VARiduals). The figures in the
table refer to t-statistics associated with thévested coefficients on lagged levels variable. BB critical value for DF t-statistics
in -2.89. The null hypothesis is rejected for tivalues less than this critical value.

ADF refers to the Augmented Dickey Fuller Test ba tull hypothesis that the residuals obtained fkohWR models listed in the
headings are non-stationary in levels (number eél&ek=3) in 7 states listed as well as in USA. Tést is similar to the test
described for DF, except that k=3 lags of dependariable are added to the regression.

° All abbreviations and acronyms are provided in égix A
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Table B.5. Number of Appropriate Lags (k) in Levelel Lags VAR Models for 7 U.S.

States and USA Aggregate Modet8

State | No of lags (k)| SIC* AIC* Phi*

CA 0 41.3207 40.7731 41.1569
1 31.0959 28.8098 30.1129
2 32.3213 29.2968 30.5191
3 33.9661 29.2032 31.3447

GA 0 37.8487 37.3010 37.6849
1 28.7828 26.4967 27.7998
2 30.8055 27.7810 29.0033
3 32.0159 27.2529 29.3945

1A 0 40.0475 39.4998 39.8836
1 31.8062 29.5201 30.8232
2 33.4823 30.4577 31.6800
3 35.3601 30.5972 32.7387

KS 0 36.3249 35.7772 36.1611
1 25.7226 23.4365 24.7396
2 27.2954 24.2709 25.4932
3 29.0720 24.3091 26.4506

NY 0 34.6417 34.0940 34.4778
1 26.3605 24.0744 25.3774
2 28.1883 25.1637 26.3860
3 29.7369 24.9740 27.1155

OH 0 37.8956 37.3479 37.7318
1 27.0081 24.7220 26.0251
2 28.4464 25.4219 26.6442
3 29.8932 25.1303 27.2718

X 0 38.4001 37.8525 38.2363
1 30.6263 28.3402 29.6433
2 32.5057 29.4811 30.7034
3 34.4224 29.6594 31.8010

USA |0 49.4571 48.8116 49.2707
1 38.9131 37.0397 37.7946
2 39.7301 35.6290 37.6796
3 41.2329 35.9041 38.2504

Note: *SIC=Schwarz Information Criteria, AIC=Akailteformation Criteria, phi=Hannan and Quinn crigeri

SIC, AIC and Phi are calculated using residual sfisguares (RSS) as follows:

Schwarz: T log(RSS)+2k

Akaike: T log(RSS)+k(log T)

Phi: Log (RSS) +(2.01)(k)log(log T)/T

K — number of lages, T- number of observations. Nenof lags corresponding to the minimum valueaafhecriteria provides the
reasonable lag length.

19 All abbreviations and acronyms are provided in épgix A
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Table B.6. Rand Dubrin-Watson* Statistics Results from each VAR Models for 7
U.S. States and USH

State Goodness of fit LVALUE ACRE| RETURN D/ARATIQINTRATE
CA R’ 0.97 0.99 0.86 0.94 0.94
R Bar® 0.97 0.99 0.9 0.91 0.9
DW Statistic 2.17 2.24 2.0k 2.14 1.69
GA R’ 0.98 0.99 0.72 0.9 0.94
R Bar? 0.98 0.99 0.59 0.96 0.91
DW Statistic 2.03 2.14 1.7B 2.16 1.75
1A R? 0.96 0.98 0.41 0.98 0.95
R Bar’ 0.95 0.97 0.17 0.9 0.94
DW Statistic 2.22) 1.94 2.0B 1.98 1.93
KS R’ 0.97 0.99 0.59 0.94 0.96
R Bar’ 0.96 0.99 0.37 0.91 0.95
DW Statistic 2.14 1.9 1.9 D 2.29
NY R’ 0.98 0.99 0.64 0.96 0.93
R Bar’ 0.97 0.99 0.51 0.95 0p
DW Statistic 1.96 1.94 1.9f 2.2 1.64
OH R? 0.97 0.99 0.45 0.95 0.95
R Bar? 0.95 0.99 0.27 0.98 0.93
DW Statistic 2.08 2 2.22 2.07 1.94
TX R’ 0.96 0.99 0.36 0.88 0.92
R Bar’ 0.94 0.99 0.0 0.84 0.88
DW Statistic 2.1 2.11 2.1 2.1 1.48
USA R’ 0.97 0.99 0.4 0.94 0.95
R Bar’ 0.95 0.99 0.17 0.91 0.91
DW Statistic 2.19 2.14 2.1p 2.1 2.04

Note: * Individual VAR model was fitted for eachrs in seven US states as well as for USA aggeegadlysis. The series listed
in headings of columns represent dependent vasidbteeach VAR models.

*R2, R Barfare the measures of goodness of fit of each VARah®&3=RSS/TSS (RRS=regression sum of squares; TSS=dtal
of squares))

R Bar = 1-(n-1/n-k-1)(1-R), where k is number of variables in the model (k+5- total number of observations

DW is Dubrin-Watson Test to test serial correlatimnong series; it is calculated as follows:

{(Zn:(ft —E)) I8 7 <4

1 All abbreviations and acronyms are provided in épgix A
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Table B.7.F test P value) of levels VAR on Farmland Values, FarmlandAcreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio @ninterest Rates in California,

1950-200%°
Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/ARATIO | INTRATE
LVALUE 116.16 1.69 0.59 1.55 0.83
(0.00) (0.18) (0.62) (0.21) (0.48)
ACRE 1.54 1700.27 3.06 0.37 0.17
(0.22) (0.00) (0.04) (0.76) (0.91)
RETURN 2.05 1.22 6.52 1.40 3.53
(0.12) (0.31) (0.001) (0.25) (0.02)
D/A RATIO 0.93 0.43 0.14 55.03 0.15
(0.43) (0.73) (0.93) (0.00) (0.92)
INTRATE 4.67 3.39 1.69 0.49 12.29
(0.007) (0.02) (0.18) (0.68) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEaSSEu)/K]/[SSEu /(T-5k-1)] ~ Fk t-s¢1

The null hypothesis is that the variable listedhia column heading does not influence variablékeneft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthé headline ‘Dependent
Variable (current values)’ are regressed on alivdm@ables listed under the headline of ‘Laggediaze’. SSE.qucesrefers to sums of
squared residuals from OLS regression, where agabnder the headline of ‘Dependent Variables’ rgressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agged row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefiie p-value <0.05.

Table B.8.F test P value) of levels VAR on Farmland Values, FarmlandAcreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio aninterest Rates in Georgia,
1950-2003

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO | INTRATE
LVALUE 119.03 1.01 1.33 2.21 3.98
(0.00) (0.39) (0.28) (0.10) (0.01)
ACRE 3.10 253.33 2.42 0.25 0.22
(0.03) (0.00) (0.08) (0.85) (0.87)
RETURN 2.22 3.83 0.13 1.32 1.49
(0.10) (0.01) (0.94) (0.28) (0.23)
D/A RATIO 3.92 1.38 1.01 44.23 4,91
(0.01) (0.26) (0.39) (0.00) (0.005)
INTRATE 6.12 0.02 2.29 0.19 14.77
(0.001) (0.99) (0.09) (0.89) (0.00)

Note: TheF statistics is calculates as follows: F=[(SSEaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fx T-sk-1

The null hypothesis is that the variable listedhi@a column heading does not influence variablakeérieft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesrutheé headline ‘Dependent
Variable (current values)’ are regressed on alivdmiables listed under the headline of ‘Laggediaze’. SSE.qucearefers to sums of
squared residuals from OLS regression, where Jasabnder the headline of ‘Dependent Variables’ regressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agded row of each column. K refers
to the number of lags used in the regression (k@) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefite p-value <0.05.

12 Al abbreviations and acronyms are provided in épgix A
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Table B.9.F test (P value) of levels VAR on Farmland Values, FarmlandAcreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio aninterest Rates in lowa, 1950-

2003°
Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/ARATIO | INTRATE
LVALUE 114.67 0.81 2.95 0.45 0.70
(0.00) (0.49) (0.04) (0.71) (0.55)
ACRE 0.13 325.24 1.19 0.17 0.73
(0.94) (0.00) (0.32) (0.91) (0.54)
RETURN 3.07 2.36 0.97 2.31 0.33
(0.04) (0.08) (0.41) (0.09) (0.80)
D/A RATIO 1.95 0.34 0.43 30.40 131
(0.13) (0.79) (0.72) (0.00) (0.28)
INTRATE 9.41 4.99 0.41 2.35 11.85
(0.00) (0.005) (0.74) (0.08) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhia column heading does not influence variablékeneft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthé headline ‘Dependent
Variable (current values)’ are regressed on alivdm@ables listed under the headline of ‘Laggediaze’. SSE.qucesrefers to sums of
squared residuals from OLS regression, where agabnder the headline of ‘Dependent Variables’ rgressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agged row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefiie p-value <0.05.

Table B.10.F test PP value) of levels VAR on Farmland Values, Farmlandicreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio @ninterest Rates in Kansas,
1950-2003

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO | INTRATE
LVALUE 173.46 2.70 0.60 1.63 0.57
(0.00) (0.06) (0.61) (0.19) (0.63)
ACRE 2.25 971.00 0.83 1.31 0.17
(0.09) (0.00) (0.48) (0.28) (0.91)
RETURN 1.41 2.59 1.01 0.88 1.04
(0.25) (0.06) (0.39) (0.45) (0.38)
D/A RATIO 0.34 0.26 0.07 39.52 0.64
(0.79) (0.85) (0.97) (0.00) (0.59)
INTRATE 15.84 3.90 0.68 3.98 11.06
(0.00) (0.01) (0.56) (0.01) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhia column heading does not influence variablakeérieft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthe headline ‘Dependent
Variable (current values)’ are regressed on alivtdmiables listed under the headline of ‘Laggediaae’. SSE.qucesrefers to sums of
squared residuals from OLS regression, where Jasabnder the headline of ‘Dependent Variables’ rmegressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agded row of each column. K refers
to the number of lags used in the regression (k@) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefite p-value <0.05.

13 All abbreviations and acronyms are provided in épglix A
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Table B.11.F test P value) of levels VAR on Farmland Values, Farmlandicreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio dninterest Rates in New York,
1950-200%*

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO INTRATE
LVALUE 72.92 1.57 0.41 3.51 1.24
(0.00) (0.21) (0.74) (0.02) (0.30)
ACRE 2.43 166.56 0.55 1.52 0.31
(0.08) (0.00) (0.64) (0.22) (0.81)
RETURN 3.04 0.47 0.76 3.43 1.86
(0.04) (0.70) (0.52) (0.02) (0.15)
D/A RATIO 1.31 0.68 1.20 48.20 3.45
(0.28) (0.56) (0.32) (0.00) (0.02)
INTRATE 2.75 0.64 0.86 4.32 13.30
(0.05) (0.59) (0.46) (0.01) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhia column heading does not influence variablékeneft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthé headline ‘Dependent
Variable (current values)’ are regressed on alivdm@ables listed under the headline of ‘Laggediaae’. SSE.qucesrefers to sums of
squared residuals from OLS regression, where agabnder the headline of ‘Dependent Variables’ rgressed on all the
variables under the headline of ‘Lagged Variabée€ept for the variable that is listed in the agged row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefiie p-value <0.05.

Table B.12.F test P value) of levels VAR on Farmland Values, Farmlandicreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio a@ninterest Rates in Ohio, 1950-
2003

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO INTRATE
LVALUE 140.71 4.48 2.54 1.43 1.22
(0.00) (0.009) (0.07) (0.24) (0.31)
ACRE 0.02 1806.97 0.54 0.34 0.84
(0.99) (0.00) (0.65) (0.79) (0.47)
RETURN 3.24 0.28 0.19 1.09 2.14
(0.03) (0.83) (0.90) (0.36) (0.11)
D/A RATIO 1.67 5.04 4,72 78.21 2.17
(0.18) (0.005) (0.007) (0.00) (0.10)
INTRATE 11.55 5.05 0.55 2.62 21.04
(0.00) (0.005) (0.64) (0.06) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhia column heading does not influence variablakeérieft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesrutheé headline ‘Dependent
Variable (current values)’ are regressed on alivdmiables listed under the headline of ‘Laggediaze’. SSE.qucearefers to sums of
squared residuals from OLS regression, where Jasabnder the headline of ‘Dependent Variables’ regressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agded row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefite p-value <0.05.

14 All abbreviations and acronyms are provided in épglix A
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Table B.13.F test (P value) of levels VAR on Farmland Values, Farmlandicreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio a@nlnterest Rates in Texas,
1950-200%°

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO INTRATE
LVALUE 43.36 0.74 0.45 191 1.50
(0.00) (0.53) (0.71) (0.14) (0.22)
ACRE 0.80 635.96 0.20 0.67 0.96
(0.50) (0.00) (0.89) (0.57) (0.42)
RETURN 0.73 0.69 0.27 1.83 1.88
(0.53) (0.55) (0.84) (0.15) (0.15)
D/A RATIO 2.26 1.26 1.73 33.89 0.37
(0.09) (0.30) (0.17) (0.00) (0.77)
INTRATE 2.25 1.22 0.15 1.70 15.80
(0.09) (0.31) (0.92) (0.18) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhia column heading does not influence variablékeneft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthé headline ‘Dependent
Variable (current values)’ are regressed on alivdm@ables listed under the headline of ‘Laggediaze’. SSE.qucesrefers to sums of
squared residuals from OLS regression, where Vagabnder the headline of ‘Dependent Variables’ rgressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agged row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (54). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefiie p-value <0.05.

Table B.14.F test P value) of levels VAR on Farmland Values, Farmlandicreage,
Real Returns to Farm Assets, Debt-to-Asset Ratio aninterest Rates in USA, 1960-
2003

Dependent variable Lagged variables
(current values)
LVALUE ACRE RETURN D/A RATIO INTRATE
LVALUE 131.57 1.40 0.27 0.25 0.75
(0.00) (0.26) (0.84) (0.85) (0.52)
ACRE 3.57 1676.29 24.13 1.14 3.55
(0.02) (0.00) (0.00) (0.34) (0.02)
RETURN 1.14 0.95 0.23 0.71 1.49
(0.34) (0.42) (0.87) (0.55) (0.24)
D/A RATIO 0.47 1.33 0.08 6.24 2.27
(0.70) (0.28) (0.96) (0.002) (0.10)
INTRATE 6.02 3.26 0.44 3.52 12.18
(0.003) (0.03) (0.72) (0.02) (0.00)

Note: TheF statistics is calculates as follows: F=[(SQEcaSSEu)/K)/[SSEu /(T-5k-1)] ~ Fy 151

The null hypothesis is that the variable listedhiea column heading does not influence variablakeérieft-hand-most column. SGE
is refers to sums of squared residuals from thénard least squares regression, where variablesruthe headline ‘Dependent
Variable (current values)’ are regressed on alivdmiables listed under the headline of ‘Laggediaze’. SSE.qucearefers to sums of
squared residuals from OLS regression, where Jasabnder the headline of ‘Dependent Variables’ rmegressed on all the
variables under the headline of ‘Lagged Variabéegept for the variable that is listed in the agded row of each column. K refers
to the number of lags used in the regression (k) T is number of observations used (44). P vdiolegach F statistics are
provided in parentheses; null hypothesis is regefite p-value <0.05.

15 All abbreviations and acronyms are provided in épgix A
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Table B.15. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in California

1950-200%°
Horizon ST. ERROR LVALUE ACRE RETURN D/A RATIO INTARTE
LVALUE
0 0.13 71.06 0.00 0.00 27.40 1.54
1 0.23 75.32 0.29 0.07 22.71 1.62
2 0.31 75.86 0.44 0.24 18.84 4.62
3 0.37 77.51 0.53 0.37 14.81 6.79
4 0.40 78.68 0.47 0.48 12.55 7.83
5 0.43 77.21 0.52 0.49 13.16 8.62
6 0.45 72.67 1.15 0.45 16.84 8.90
ACRE
0 0.03 0.00 100.00 0.00 0.00 0.00
1 0.06 0.10 97.86 0.79 0.24 1.00
2 0.08 0.19 94.82 3.43 0.23 1.34
3 0.10 0.17 95.79 2.96 0.16 0.92
4 0.11 0.17 96.65 2.17 0.12 0.89
5 0.13 0.15 95.92 2.17 0.13 1.64
6 0.14 0.16 94 .57 2.62 0.12 2.52
RETURN
0 0.37 0.00 0.00 95.94 0.00 4.06
1 0.45 2.10 2.53 89.71 1.00 4.67
2 0.49 6.14 4.53 79.51 1.30 8.52
3 0.50 6.40 551 75.82 2.40 9.87
4 0.55 5.64 4.79 68.56 6.27 14.75
5 0.58 5.33 4.22 61.66 11.41 17.37
6 0.61 5.73 3.91 57.07 15.16 18.12
D/A RATIO
0 0.24 0.00 0.00 0.00 94.67 5.33
1 0.37 0.06 0.82 0.31 92.88 5.93
2 0.47 0.77 1.49 0.59 88.85 8.30
3 0.53 2.53 1.79 0.52 84.70 10.46
4 0.57 6.37 1.90 0.48 80.69 10.57
5 0.60 11.17 1.84 0.43 76.53 10.03
6 0.63 15.56 1.74 0.41 72.84 9.45
INTRATE
0 0.24 0.00 0.00 0.00 0.00 100.00
1 0.31 8.39 0.54 0.64 1.07 89.36
2 0.35 21.60 1.49 6.52 2.12 68.27
3 0.39 30.78 1.68 9.03 1.92 56.59
4 0.42 37.36 1.68 8.65 2.03 50.28
5 0.45 40.03 1.65 7.82 494 45 .56
6 0.49 39.06 1.51 6.91 11.39 41.14

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke

factorization” to the innovation correlation/covarce matrix. The entries in each row sum to oneltath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

18 All abbreviations and acronyms are provided in épgix A
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Table B.16. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to farm assets, Debt-to-AssBatio and Interest Rates in
Georgia 1950-200%

Horizon ST. ERROR LVALUE ACRE RETURN D/ARATIO INTRTE
LVALUE

0 0.10 80.17 0.56 2.28 13.67 3.33
1 0.16 72.52 0.44 2.92 6.34 17.78
2 0.20 66.60 0.30 1.98 4.23 26.89
3 0.23 57.13 0.55 3.13 4.09 35.10
4 0.26 48.34 1.27 4.46 5.10 40.83
5 0.29 40.77 2.32 6.54 5.36 45.02
6 0.31 34.71 3.48 8.65 511 48.05
ACRE

0 0.05 0.00 100.00 0.00 0.00 0.00
1 0.08 5.36 93.76 0.32 0.29 0.27
2 0.09 3.43 89.40 5.81 0.47 0.89
3 0.11 2.70 90.18 5.66 0.45 1.02
4 0.12 3.21 89.74 4.69 1.10 1.25
5 0.13 3.41 89.42 4.10 1.35 1.72
6 0.14 3.26 88.88 3.61 1.60 2.65
RETURN

0 0.53 0.00 0.00 100.00 0.00 0.00
1 0.56 5.03 0.95 92.48 1.48 0.07
2 0.58 8.02 1.73 84.92 4.83 0.50
3 0.59 8.56 2.61 83.02 481 1.00
4 0.61 9.18 3.36 78.10 6.42 2.94
5 0.62 8.88 3.94 75.66 8.57 2.95
6 0.64 9.90 4.31 73.01 9.58 3.20
D/A RATIO

0 0.14 0.00 2.83 11.47 68.91 16.79
1 0.22 0.80 1.69 9.32 49.93 38.27
2 0.30 19.53 0.98 6.62 38.42 34.46
3 0.38 31.58 0.66 8.02 27.62 32.12
4 0.48 43.69 0.57 8.69 19.77 27.29
5 0.56 49.24 0.67 9.86 15.45 24.78
6 0.63 53.80 0.80 10.55 12.68 22.17
INTRATE

0 0.23 0.00 0.00 0.00 0.00 100.00
1 0.31 8.24 0.10 3.89 0.44 87.32
2 0.41 33.19 0.57 6.81 2.29 57.14
3 0.47 42.29 0.91 8.33 1.73 46.74
4 0.52 4414 1.02 11.14 1.84 41.86
5 0.56 47.43 1.05 11.43 2.62 37.47
6 0.60 49.47 1.08 11.36 4.01 34.08

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

7 All abbreviations and acronyms are provided in épglix A



78

Table B.17. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in lowa 1950-
2003°

Horizon ST. ERROR LVALUE ACRE RETURN D/ARATIO INTRTE
LVALUE

0 0.19 50.01 0.00 0.00 37.99 12.00
1 0.32 44.05 0.13 6.53 33.39 15.91
2 0.45 45.86 0.15 11.32 25.87 16.81
3 0.57 48.59 0.34 17.52 18.47 15.08
4 0.66 50.16 0.49 21.55 13.72 14.08
5 0.74 51.07 0.70 23.77 11.04 13.42
6 0.79 51.07 0.97 25.38 9.86 12.73
ACRE

0 0.13 0.00 100.00 0.00 0.00 0.00
1 0.18 0.28 98.25 0.61 0.21 0.65
2 0.23 0.25 97.77 0.53 1.03 0.42
3 0.28 0.18 96.97 0.90 1.64 0.31
4 0.32 0.19 96.06 1.24 2.01 0.51
5 0.37 0.14 95.29 1.38 2.45 0.75
6 0.42 0.12 94.48 1.32 3.21 0.87
RETURN

0 0.77 0.00 0.00 96.46 0.00 3.54
1 0.81 0.93 3.86 91.12 0.87 3.23
2 0.86 10.76 3.56 80.57 0.90 4.22
3 0.89 13.62 3.33 75.35 3.74 3.97
4 0.90 13.66 3.63 73.05 5.60 4.07
5 0.91 13.51 4.12 72.37 5.67 4.33
6 0.92 13.65 5.32 71.01 5.65 4.37
D/A RATIO

0 0.25 0.00 0.00 0.00 96.05 3.95
1 0.42 0.99 0.26 1.01 89.19 8.55
2 0.50 0.80 0.22 2.44 86.90 9.63
3 0.53 2.13 0.25 5.23 82.78 9.62
4 0.54 3.37 0.40 6.43 79.96 9.84
5 0.54 3.49 0.94 6.77 79.14 9.67
6 0.56 3.98 1.54 6.48 78.63 9.39
INTRATE

0 0.21 0.00 0.00 0.00 0.00 100.00
1 0.25 0.09 8.00 2.11 5.42 84.38
2 0.29 3.20 9.92 1.72 21.66 63.50
3 0.33 11.97 9.09 4.04 25.06 49.85
4 0.37 24.77 8.74 6.15 21.27 39.06
5 0.43 36.93 7.81 8.59 16.69 29.99
6 0.49 43.83 6.90 11.75 13.24 24.29

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

18 All abbreviations and acronyms are provided in épgix A



79

Table B.18. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in Kansas
1950-200%°

Horizon ST. ERROR LVALUE ACRE RETURN D/ARATIO INTRTE
LVALUE

0 0.17 36.80 0.00 2.32 57.11 3.77
1 0.30 27.50 5.61 5.56 57.17 4.15
2 0.41 32.32 11.04 5.17 46.21 5.27
3 0.50 35.16 15.98 7.09 35.56 6.22
4 0.57 37.86 20.01 8.00 27.44 6.69
5 0.64 38.93 22.79 9.47 21.95 6.86
6 0.70 39.49 24.74 10.37 18.79 6.62
ACRE

0 0.06 100.00 0.00 0.00 0.00 0.00
1 0.09 3.31 94.65 0.67 0.12 1.25
2 0.12 3.19 91.19 4.63 0.09 0.91
3 0.15 3.60 88.78 6.94 0.06 0.62
4 0.18 3.84 85.43 10.22 0.06 0.45
5 0.20 4.31 83.51 11.72 0.06 0.40
6 0.22 4.69 81.97 12.79 0.10 0.45
RETURN

0 0.67 0.00 0.00 100.00 0.00 0.00
1 0.75 1.95 6.36 86.22 2.49 2.98
2 0.77 2.06 6.95 83.96 3.93 3.10
3 0.79 2.43 6.61 80.85 5.05 5.06
4 0.81 2.55 7.19 76.98 6.43 6.85
5 0.83 2.49 9.24 74.25 6.14 7.87
6 0.85 2.59 11.13 71.72 6.15 8.40
D/A RATIO

0 0.23 0.00 0.00 3.91 96.09 0.00
1 0.37 0.57 0.59 4.54 93.35 0.96
2 0.43 0.68 1.27 5.32 91.12 1.61
3 0.44 1.36 1.89 5.82 89.10 1.82
4 0.45 2.32 1.94 5.85 87.75 2.14
5 0.45 3.71 1.93 5.76 86.29 231
6 0.46 5.50 2.10 5.66 84.49 2.26
INTRATE

0 0.18 0.00 0.00 0.00 0.00 100.00
1 0.25 0.59 5.06 0.05 20.94 73.35
2 0.33 2.59 4.65 0.49 51.96 40.31
3 0.38 5.17 3.88 0.38 59.27 31.30
4 0.41 9.19 3.86 0.47 58.39 28.09
5 0.43 14.76 3.84 0.54 55.57 25.29
6 0.46 21.22 4.90 0.81 50.50 22.58

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

19 All abbreviations and acronyms are provided in épgix A
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Table B.19. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in New York
1950-200%°

Horizon ST. ERROR LVALUE ACRE RETURN D/A RATIO INTRTE
LVALUE

0 0.12 86.05 7.92 0.00 0.00 6.03
1 0.19 69.50 15.84 0.08 1.50 13.08
2 0.24 62.45 18.35 1.24 0.95 17.02
3 0.29 53.86 19.09 2.05 0.76 24.24
4 0.32 45.62 17.75 2.35 0.62 33.66
5 0.35 39.32 16.09 2.86 0.56 41.17
6 0.37 34.36 14.35 3.14 0.56 47.60
ACRE

0 0.06 0.00 93.30 0.00 0.00 6.70
1 0.09 1.36 88.62 0.15 3.80 6.08
2 0.11 1.76 84.98 0.16 4.99 8.12
3 0.12 2.10 79.66 0.56 4.88 12.80
4 0.14 2.43 73.99 1.51 5.18 16.89
5 0.15 2.39 69.30 2.32 4.94 21.05
6 0.15 2.23 65.15 2.85 4.66 25.11
RETURN

0 0.58 0.00 0.00 100.00 0.00 0.00
1 0.60 0.00 0.38 93.77 1.58 4.27
2 0.64 1.84 2.69 85.58 6.13 3.77
3 0.70 2.96 5.62 75.00 13.01 3.41
4 0.74 4.47 8.42 66.15 16.29 4.67
5 0.79 4.85 10.42 58.12 19.72 6.89
6 0.83 4.52 11.43 52.66 23.59 7.81
D/A RATIO

0 0.18 0.00 0.00 0.00 91.91 8.09
1 0.23 0.78 3.19 1.17 89.33 5.53
2 0.30 1.68 3.18 0.67 85.47 9.01
3 0.37 3.85 2.83 0.77 85.25 7.30
4 0.43 9.82 2.05 0.58 81.67 5.88
5 0.48 14.93 1.93 0.69 77.09 5.36
6 0.53 19.52 2.43 0.99 72.45 4.60
INTRATE

0 0.25 0.00 0.00 0.00 0.00 100.00
1 0.35 0.42 0.79 3.73 6.86 88.20
2 0.43 5.66 0.91 7.08 18.80 67.56
3 0.51 11.69 0.66 6.14 22.82 58.69
4 0.58 15.85 0.65 4.86 2531 53.33
5 0.65 19.43 0.79 4.17 29.29 46.33
6 0.70 22.48 1.11 3.60 31.63 41.19

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

20 All abbreviations and acronyms are provided in éqix A
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Table B.20. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in Ohio 1950-
2003"

Horizon ST. ERROR LVALUE ACRE RETURN D/ARATIO INTRTE
LVALUE

0 0.17 35.97 0.00 0.00 55.78 8.26
1 0.29 40.82 3.06 2.60 38.69 14.83
2 0.39 45.40 7.21 3.36 28.01 16.02
3 0.47 45.54 11.38 8.42 20.53 14.14
4 0.54 46.88 14.19 10.46 16.57 11.90
5 0.60 48.23 16.52 10.51 14.35 10.39
6 0.64 48.79 18.90 10.19 12.76 9.35
ACRE

0 0.04 100.00 0.00 0.00 0.00 0.00
1 0.05 0.06 97.52 1.02 0.81 0.58
2 0.06 0.11 95.99 2.81 0.59 0.50
3 0.07 0.10 94.60 3.99 0.73 0.59
4 0.08 0.25 93.53 4.17 1.52 0.53
5 0.09 0.37 92.12 5.09 1.88 0.55
6 0.09 0.36 90.86 5.90 1.90 0.99
RETURN

0 0.74 0.00 0.00 100.00 0.00 0.00
1 0.78 4.16 1.15 88.14 0.53 6.02
2 0.82 7.87 1.41 82.44 2.69 5.59
3 0.83 8.23 2.34 78.92 4.03 6.48
4 0.87 7.80 2.35 72.13 5.82 11.91
5 0.90 7.97 2.52 67.85 5.77 15.90
6 0.92 7.68 3.42 65.63 5.53 17.76
D/A RATIO

0 0.21 0.00 0.00 0.00 87.11 12.89
1 0.32 0.09 0.27 2.26 68.27 29.11
2 0.37 0.87 0.23 3.40 60.49 35.01
3 0.42 4.62 0.22 14.38 48.57 32.21
4 0.45 8.90 0.99 18.33 43.01 28.77
5 0.47 13.11 2.11 18.42 39.89 26.47
6 0.49 18.35 3.11 17.21 36.87 24.46
INTRATE

0 0.21 0.00 0.00 0.00 0.00 100.00
1 0.28 1.77 2.19 1.76 6.34 87.95
2 0.33 5.01 6.06 1.23 24.79 62.91
3 0.37 13.00 5.01 1.29 29.64 51.05
4 0.40 20.17 4.45 2.65 28.76 43.97
5 0.45 27.55 4.03 6.14 25.81 36.47
6 0.50 35.56 3.95 6.82 23.18 30.49

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

2L All abbreviations and acronyms are provided in éqix A
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Table B.21. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in Texas
1950-200%

Horizon ST. ERROR LVALUE ACRE RETURN D/ARATIO INTRTE
LVALUE

0 0.19 48.73 3.16 2.03 32.19 13.90
1 0.29 62.12 4.97 1.01 24.59 7.32
2 0.36 69.21 4.19 0.69 19.08 6.82
3 0.42 72.47 3.19 0.65 14.17 9.52
4 0.47 75.06 2.58 0.63 11.32 10.41
5 0.50 76.77 2.25 0.60 9.86 10.52
6 0.53 77.83 2.08 0.55 9.15 10.40
ACRE

0 0.08 0.00 100.00 0.00 0.00 0.00
1 0.11 1.10 98.13 0.20 0.19 0.39
2 0.14 0.73 97.15 0.21 0.17 1.73
3 0.16 0.57 95.88 0.31 0.13 3.11
4 0.18 0.76 95.48 0.40 0.16 3.20
5 0.20 1.41 95.06 0.39 0.35 2.80
6 0.21 2.24 94.25 0.37 0.70 2.44
RETURN

0 0.80 0.00 0.00 100.00 0.00 0.00
1 0.82 0.01 2.76 96.49 0.00 0.74
2 0.84 0.54 2.74 93.05 0.01 3.66
3 0.90 3.92 3.67 80.11 5.80 6.50
4 0.93 3.79 3.85 75.07 6.89 10.41
5 0.94 4.41 3.81 74.34 6.98 10.47
6 0.95 5.37 3.75 73.45 7.12 10.31
D/A RATIO

0 0.30 0.00 8.17 5.26 83.37 3.20
1 0.37 1.95 10.77 4.58 80.59 2.12
2 0.41 12.52 9.14 4.19 72.26 1.90
3 0.44 20.51 7.69 4.05 63.57 4.18
4 0.47 24.78 6.78 3.70 60.80 3.95
5 0.50 29.41 6.04 3.29 57.79 3.49
6 0.53 31.46 5.58 3.03 56.72 3.21
INTRATE

0 0.28 0.00 0.00 0.00 0.00 100.00
1 0.40 4.21 0.77 0.01 0.00 95.00
2 0.44 4.35 2.50 0.02 0.11 93.03
3 0.46 4.49 3.54 0.17 0.12 91.68
4 0.48 6.46 4.38 0.42 0.11 88.63
5 0.49 10.83 5.22 0.43 0.17 83.35
6 0.51 17.07 5.61 0.40 0.20 76.72

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke
factorization” to the innovation correlation/covarce matrix. The entries in each row sum to onelfath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

22 All abbreviations and acronyms are provided in éqix A
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Table B.22. Forecast error variance decompositionrofarmland values, farmland
acreage, real returns to assets, Debt-to-Asset Ratand Interest Rates in USA 1960-

20033
Horizon ST. ERROR LVALUE ACRE RETURN D/A RATIO INTRTE
LVALUE
0 0.16 21.06 0.00 0.00 51.22 27.73
1 0.29 18.39 0.77 1.02 39.87 39.94
2 0.41 22.39 0.73 1.83 29.17 45.89
3 0.51 24.18 0.87 5.03 22.10 47.81
4 0.59 24.65 0.80 8.16 17.22 4917
5 0.66 25.26 0.77 10.48 14.17 49.32
6 0.71 25.88 0.78 11.95 12.55 48.84
ACRE
0 0.02 0.00 100.00 0.00 0.00 0.00
1 0.03 4.55 59.34 0.04 31.88 4.19
2 0.05 6.21 31.49 41.03 18.84 2.42
3 0.06 8.66 18.91 55.54 14.90 1.99
4 0.07 7.93 16.58 60.68 13.09 1.72
5 0.07 7.26 16.19 60.77 13.21 2.58
6 0.08 6.89 15.74 58.07 13.89 5.42
RETURN
0 0.72 0.00 0.00 100.00 0.00 0.00
1 0.75 0.13 1.95 94.71 3.12 0.09
2 0.80 5.70 2.03 83.63 6.36 2.28
3 0.84 6.65 2.00 78.55 6.10 6.70
4 0.87 6.21 1.86 74.16 5.66 12.12
5 0.89 6.29 1.82 71.62 6.10 14.17
6 0.91 6.19 1.81 68.14 7.36 16.49
D/A RATIO
0 0.23 0.00 0.00 0.00 95.01 4.99
1 0.34 0.86 0.44 0.28 79.42 19.01
2 0.37 0.87 0.53 1.71 70.36 26.52
3 0.39 0.95 0.69 7.45 63.95 26.96
4 0.43 1.31 0.59 10.86 62.64 24.60
5 0.47 1.75 0.49 11.12 66.11 20.53
6 0.52 3.75 0.42 8.93 67.14 19.77
INTRATE
0 0.22 0.00 0.00 0.00 0.00 100.00
1 0.32 1.53 0.46 2.70 24.76 70.55
2 0.40 2.79 0.30 2.35 49.04 45.52
3 0.45 7.37 0.47 2.12 53.95 36.09
4 0.48 11.10 0.48 1.82 54.80 31.80
5 0.53 15.34 0.46 2.89 50.61 30.70
6 0.58 19.73 0.43 4.24 45.70 29.90

Note: * Error Variance Decompositions are basedobserved innovations from the VAR model after apgy“Bernanke

factorization” to the innovation correlation/covarce matrix. The entries in each row sum to oneltath

The interpretation of each row is as follows: diiet time horizons are listed in the first colurdmcertainty in the variable heading
horizons (0-6) is decomposed into shares of vaglidted at headings of each column.

% All abbreviations and acronyms are provided in éqgix A
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APPENDIX C

DIRECTED ACYCLIC GRAPHS

Figures C.1.-C.8. represent the contemporaneowsakeelationship between farmland
values, farmland acreage, Net Returns to Farm AsBetbt to Asset Ratio, Interest
Rates (10Year Treasury Bond Rate) for seven USsstet well as United States as a
whole. PC Algorithm results are presented at tl# 2@nificance level.

LWALUE

ACRE

INTRATE

DARATIO RETURME

C.1. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in California (1950-2003f

2 All abbreviations and acronyms are provided in éqgix A



LWALLIE

INTRATE

DARATIO RETURMS

C.2. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in Georgia (1950-2003)

LvALUIE

INTRATE ACRE

DARATIO RETURMS

C.3. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in lowa (1950-20035

% All abbreviations and acronyms are provided in éqgix A
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LWALUE

ACRE

INTRATE

DARATIO RETURMS

C.4. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in Kansas (1950-2003)

LWYALUE

N

INTRATE = ACRE

DARATIO RETURMS

C.5. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in New York (1950-2003}

% All abbreviations and acronyms are provided in éqix A
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INTRATE ACRE

DARATIO RETURMS

C.6. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in Ohio (1950-2003)

LWALLIE

INTRATE

DARATIO RETURMS

C.7. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in Texas (1950-2003)

27 All abbreviations and acronyms are provided in éqix A
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ACRE

INTRATE

DARATIO

RETURMNS

C.8. Farmland values, acreages, returns to Farm asts, Debt to Asset Ratio and
Interest Rates in USA (1960-2003j

2 All abbreviations and acronyms are provided in éqgix A
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IMPULSE RESPONSE GRAPHS

Impulse Response Graphs (C.9.-C.16.) depict theors® of one series to a one time
shock (positive) in the other variables listednat top of each column.

Innovation to
VAL ACRE RA DA

VAL

VAL

ACRE

ACRE

RA

RA

Response of

DA

DA

INT

VAL ACRE RA DA

C.9. Normalized responses of Farmland Values, Farmhd Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in California

Innovation to

VAL ACRE RA DA INT

ACRE T

ACRE

RA

RA

Response of

DA

DA

INT

VAL ACRE RA DA INT

C.10. Normalized responses of Farmland Values, Faliand Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in Georgi4’

2 All abbreviations and acronyms are provided in éqgix A
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Innovation to
VAL ACRE RA DA INT

ACRE

ACRE

RA

RA

Response of

DA

DA

INT

VAL ACRE RA DA INT

C.11. Normalized responses of Farmland Values, Faliand Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in lowa

Innovation to

VAL ACRE RA DA INT
VAL VAL
r\—\
ACRE ACRE
w“
o
[}
2
S RrA RA
Qo
0
]
o
DA DA
INT INT
VAL ' ACRE RA DA ' INT o

C.12. Normalized responses of Farmland Values, Faliand Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in Kansa®

30 All abbreviations and acronyms are provided in éqix A



Innovation to
VAL ACRE RA

DA

INT

ACRE

RA

Response of

DA

INT

ACRE

RA

DA

VAL ACRE RA

C.13. Normalized responses of Farmland Values, Faland Acreage, Returns to

DA

INT
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Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ové@orizon of 26 years in New York

Innovation to
VAL ACRE RA

DA

INT

—
ACRE

RA \

Response of

DA

INT

VAL ACRE RA

C.14. Normalized responses of Farmland Values, Faland Acreage, Returns to

DA

INT

ACRE

RA

DA

Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)

to a one time only shock in every other series ovéorizon of 26 years in Ohig*

3L All abbreviations and acronyms are provided in éqgix A
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Innovation to
VAL ACRE RA DA INT

—_—
ACRE

ACRE

RA \

RA

Response of

DA

DA

INT

VAL ACRE RA DA INT

C.15. Normalized responses of Farmland Values, Faland Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in Texas

Innovation to
VAL ACRE RA DA INT

ACRE MN—

ACRE

RA

RA

Response of

DA

DA

INT A\ INT

VAL ACRE RA DA INT

C.16. Normalized responses of Farmland Values, Faland Acreage, Returns to
Farm Assets, Debt to Asset Ratio and Interest Rat€40-Year Treasury Bond Rate)
to a one time only shock in every other series ovéorizon of 26 years in USA?

32 All abbreviations and acronyms are provided in éqix A
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APPENDIX D

Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and
Interest Rates in California

LVALUE ACRE RETURN D/A RATIO INTRATE
9.35669678 37500 13231.60957 15.01017556 2.40
10.31274746 37800 23554.3427 14.77477887 2.40
11.67682593 38200 23827.8187 14.31751095 2.40
11.90800836 38600 18034.2737 13.86272864 2.40
11.74023204 39100 16478.2758 14.52883272 2.40
12.25400631 39200 18554.6273 15.24216001 2.82
12.96856553 39200 19664.62012 1474971725 3.18
13.79071016 39200 15694.77987 14.51353777 3.65
14.75151717 39100 14625.51936 14.42597247 3.32
16.13034744 39000 12920.50036 14.82847888 4.33
18.1524425 38800 35311.77487 13.4569528 412
18.60814811 38600 31529.70077 13.9376244 3.88
18.86704988 38400 35454.29596 14.96148268 3.95
20.04495207 38200 34467.4761 15.08156372 4.00
21.18912081 38000 41745.33589 14.91615553 4.19
21.60795102 37800 36146.44498 16.37899531 4.28
20.36238136 37600 40688.06366 18.07799549 4.93
20.29543457 37400 34558.7546 17.92046176 5.07
19.54567346 37200 40097.27867 17.80614703 5.64
18.31529844 37000 35194.37479 18.90330879 6.67
17.10363861 36600 31446.66694 19.44918438 7.35
17.08396735 36200 29350.97635 20.12794484 6.16
16.87050479 35800 45607.63166 21.64977704 6.21
17.89414202 35400 74755.71754 22.6030494 6.85
18.80706201 35000 76463.42514 23.11721259 7.56
18.70708027 34300 56059.14101 22.73611924 7.99
18.87965773 34200 51409.25579 23.96752794 7.61
21.37611675 34100 51524.22305 23.27604671 7.42
25.91669944 34000 57540.35309 20.60158333 8.41
28.73690796 33900 77485.42215 20.85241506 9.43
32.03729052 33800 79988.23041 19.56252556 11.43
32.13367609 33600 74361.12472 20.55403543 13.92
30.77134994 33400 60425.58182 21.91582416 13.01
30.59450558 33100 50435.49816 22.69456853 11.10
27.41955651 32800 63375.78466 245671544 12.46
25.01992166 32500 63990.51915 24.6266131 10.62
22.00005074 32200 64769.62827 23.64087684 7.67
21.72018869 31900 79161.87606 21.52425109 8.39
23.01006525 31300 76404.46736 19.74955186 8.85
23.97892298 30800 70218.73258 18.65595561 8.49
25.44906511 30500 68619.4363 18.07878962 8.55
25.53962371 30200 49995.04081 17.54659536 7.86
25.61283304 29900 57656.8847 17.34676505 7.01
25.00282837 29600 62243.95288 17.92924579 5.87
24.59425026 29300 65569.59041 18.83942948 7.09
26.05438854 29000 47383.52735 18.33652213 6.57
26.63569823 28700 62096.1778 18.21312538 6.44
27.35418959 28500 60889.25639 18.65576333 6.35
28.71210158 27800 48443.78701 19.09426883 5.26
29.12085666 27800 43503.0346 19.20721885 5.65
32 27800 42621.61141 20.24037779 6.03
33.20247651 27800 27014.44058 20.41021842 5.02
34.55126544 27600 37934.17416 20.94926627 4.61
35.74452074 27100 62928.67115 20.68433525 4.01
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Annual data of Farmland Values, Returns to Farm Assts, Debt to Asset Ratio and
Interest Rates in Georgia

LVALUE ACRE RETURN D/A RATIO INTRATE

2.623490618 26000 7189.423735 9.814860716 2.40
2.706977096 25800 11261.75335 9.973280641 2.40
3.121269226 25600 7059.754269 10.11931576 2.40
3.287315237 25400 9281.707974 9.748399505 2.40
3.203190791 25200 1955.168528 10.41414053 2.40
3.254428178 24800 6558.447724 11.41398791 2.82
3.399776453 24400 3748.09883 11.28116586 3.18
3.671412175 23800 2933.23088 11.3230999 3.65
3.965298698 23200 6946.440729 11.38368439 3.32
4.389813756 22600 3539.739651 12.20543588 4.33
4.846987265 22000 4710.886629 13.70610209 4.12
5.403881397 21400 7077.076333 13.7164841 3.88
5.33098461 20500 5732.160295 15.7858403 3.95
5.871290308 19800 9285.1951 16.2444997 4.00
6.415469414 19200 6263.843193 17.01236365 4.19
6.877273937 18900 8503.989442 17.57311952 4.28
7.37704918 18700 9434.673582 18.17869502 4.93
7.741557518 18400 8382.415329 18.3853326 5.07
8.588858565 17900 6453.588041 17.73119434 5.64
8.947348297 17600 9008.819826 18.53826858 6.67
9.259931731 17400 7735.412212 18.38945744 7.35
10.02904966 17200 9733.384427 18.05307561 6.16
10.90451095 17200 10128.71066 18.43173722 6.21
13.31073021 17000 19523.5831 17.63313398 6.85
13.65168054 17000 13100.23801 18.68043803 7.56
13.33964796 15000 10583.57305 21.76653366 7.99
14.45201731 15000 9639.194766 21.26732687 7.61
16.02039384 15000 3160.128315 22.44539172 7.42
16.97915301 15000 8329.603623 21.62798356 8.41
18.08164995 15000 8942.42196 22.7024933 9.43
17.96085975 15000 -641.5280485 24.39798294 11.43
15.66093898 14500 8875.315989 27.62335522 13.92
14.96414423 14000 12258.52276 28.06339677 13.01
14.28951799 13700 9221.182632 28.35459289 11.10
13.26458 13500 14782.20834 27.95284037 12.46
12.40764996 13500 11135.49773 27.90610163 10.62
12.66531645 13300 9634.459197 23.95680395 7.67
12.77458852 13000 10285.32795 22.72489112 8.39
13.60526246 12600 12832.66011 20.30961767 8.85
13.73315175 12500 14883.07758 17.66181594 8.49
13.41681574 12100 12405.19789 16.92963882 8.55
12.13635341 12100 15499.08654 17.65838491 7.86
13.08997477 11700 17016.79373 16.87319924 7.01
13.01052155 11600 12301.74389 16.47116398 5.87
13.9588988 11500 18078.13638 16.28530323 7.09
14.7641535 11400 16278.34108 17.07749513 6.57
15.23561939 11300 19221.13763 16.82820345 6.44
15.82560394 11300 16458.85052 16.8778895 6.35
16.8955688 11200 15258.84567 16.52461984 5.26
19.20954755 11100 16337.30007 15.08843556 5.65
19 11100 14709.78784 14.67495954 6.03
20.01914025 10850 18390.02039 14.52827965 5.02
21.11466221 10800 10827.20972 14.1483361 4.61
22.10516414 10800 22392.5319 13.70388566 4.01
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Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and
Interest Rates in lowa

LVALUE ACRE RETURN D/A RATIO INTRATE
9.744642624 34800 41669.98179 10.38984937 2.40
10.62672134 34900 36338.87468 10.27593483 2.40
11.08010146 34900 40991.28041 10.84228764 2.40
10.6475896 34900 24854.84994 10.98791762 2.40
10.43605422 34900 37689.75541 11.65337762 2.40
10.87382519 34900 12918.67543 12.40897092 2.82
10.80566672 34900 15863.01304 12.54579526 3.18
11.0416871 34800 29026.61593 12.83578614 3.65
11.2577779 34800 27048.86778 13.1704456 3.32
11.9625563 34700 12168.40757 14.20485455 4.33
11.49971488 34700 20873.73564 15.23685361 4.12
11.79455853 34700 26656.71253 15.44691094 3.88
11.86723531 34700 27247.68049 16.64948915 3.95
12.15540572 34600 32784.18921 18.02396301 4.00
12.60504202 34600 29314.48615 18.77620129 4.19
13.75454787 34600 43553.73117 18.30135167 4.28
14.92666091 34500 46412.32946 18.53540841 4.93
15.27388375 34500 33949.77922 19.89206501 5.07
15.33151389 34400 30732.98444 19.98292588 5.64
14.98872022 34400 37647.22477 20.3705473 6.67
14.23487544 34400 34921.92535 20.73381969 7.35
14.31733296 34400 26828.61683 21.21827106 6.16
15.44529515 34300 47289.4627 19.88525764 6.21
18.74175928 34300 92653.77001 17.64686146 6.85
20.70792892 34300 48429.69009 17.11917986 7.56
24.2060673 34100 45961.62802 15.97945766 7.99
31.31684991 33900 22856.06584 14.48706058 7.61
31.12867767 33800 22589.27113 16.02336828 7.42
33.87089725 33800 48013.6894 15.57140121 8.41
37.13195972 33800 38502.0455 16.05529942 9.43
36.97606452 33800 22869.88294 15.96158882 11.43
31.94763902 33700 41886.32061 17.85626122 13.92
26.98711183 33700 29310.7878 20.98083154 13.01
23.41388428 33700 12517.39777 23.21806212 11.10
16.22577249 33600 39021.52053 29.06533722 12.46
12.60562137 33600 40489.0293 31.64364937 10.62
11.10826937 33600 39024.36069 29.63084832 7.67
13.03557373 33500 40592.21689 22.25066391 8.39
14.46384699 33500 28341.21651 18.97915499 8.85
13.87315608 33500 32171.86535 18.73369282 8.49
13.95593893 33500 32766.99264 17.99811293 8.55
13.65191754 33400 21837.94363 18.38856575 7.86
14.02745307 33100 30744.20728 17.84375574 7.01
14.48127616 33100 3937.832126 18.30525828 5.87
14.955963 33000 32452.9036 18.23824201 7.09
15.74119307 33000 21716.01682 17.52281545 6.57
17.04684687 33000 46879.22948 16.93188899 6.44
17.8169051 33000 39287.49348 16.80417025 6.35
18.34672195 33000 24949.33233 17.33504714 5.26
18.59647689 32800 16261.87654 17.31556898 5.65
18.5 32800 22554.30887 17.88849897 6.03
18.7496338 32000 22404.58 18.13626034 5.02
19.2911232 31800 17744.38952 18.16617854 4.61
20.69419622 31700 16647.31442 17.25805066 4.01
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Annual data of Farmland Values, Returns to Farm Assts, Debt to Asset Ratio and
Interest Rates in Kansas

LVALUE ACRE RETURN D/A RATIO INTRATE
3.989691396 50500 16406.08 9.65798361 2.40
4.153405242 50500 9984.57807 9.978540447 2.40
4.42792905 50500 17821.09831 10.29306533 2.40
4.441332291 50500 1807.437155 9.963233051 2.40
4.271057463 50500 7863.056823 10.70416041 2.40
4.319498213 50400 -1052.283452 11.61109546 2.82
4.351551227 50400 -461.6050692 11.57111108 3.18
4.362268924 50300 1458.55412 12.0229245 3.65
4.535290973 50200 16402.49494 12.29685625 3.32
4.712766934 50200 7579.602967 13.44307511 4.33
4.846987265 50200 10344.44691 13.46094412 4.12
5.027959212 50200 11411.4002 13.83635877 3.88
5.191915446 50200 10712.94737 14.61682935 3.95
5.274987386 50200 9530.411149 16.23218744 4.00
5.557061534 50200 7484.151808 16.68868576 4.19
5.989883752 50200 11896.94877 17.07828704 4.28
6.212251941 50100 13395.14833 17.55566391 4.93
6.528016069 50100 9430.433992 18.01686931 5.07
6.501846203 50000 8388.866651 18.27136466 5.64
6.079608458 50000 11471.20435 18.93645461 6.67
5.882780158 49900 16026.37695 18.9507412 7.35
6.017429797 49700 19041.38699 19.20005891 6.16
6.595737629 49500 29377.51532 18.36256283 6.21
7.9424876 49300 50374.97406 16.15872306 6.85
8.525100084 49000 28076.44132 16.42372095 7.56
8.998342411 48700 16715.40682 16.49479105 7.99
9.900004975 48600 8190.704922 17.10983782 7.61
9.775948361 48400 7855.028106 18.70654623 7.42
10.94794808 48300 6674.492115 17.22552041 8.41
11.84590237 48300 15996.97195 16.86041165 9.43
11.44981688 48300 -1697.507826 17.09821657 11.43
10.62102557 48300 7258.925919 18.4112883 13.92
9.64141781 48300 14865.58029 19.77674881 13.01
9.21872341 48300 9704.138322 20.3543855 11.10
7.266773405 48000 14593.42993 23.119822 12.46
6.000527117 48000 18148.23356 25.2518829 10.62
5.279318932 47900 15670.13481 23.90948204 7.67
5.694204306 47900 18707.14232 20.22714895 8.39
5.666657861 47900 16442.61878 19.02242851 8.85
5.727449758 47900 10991.69881 18.33806021 8.49
5.501507094 47900 19285.68905 18.69280334 8.55
5.446558604 47800 10975.10723 18.33349363 7.86
5.358672253 47700 16694.08887 18.20856258 7.01
5.690688992 47600 13458.48076 18.05743308 5.87
5.926992744 47600 19202.10744 17.9051373 7.09
6.003365359 47500 8089.005249 18.10295973 6.57
6.0196678 47500 19938.71914 18.28384971 6.44
6.047267201 47500 16538.51442 18.68142657 6.35
6.011920187 47500 13128.57618 19.51269535 5.26
6.028528222 47500 12011.75983 19.16134127 5.65
6.45 47500 5342.427685 19.30948673 6.03
6.494013789 47300 6274.246836 19.92905449 5.02
6.574338007 47300 -2436.59279 20.77018484 4.61
6.725613771 47200 9761.863908 20.17168441 4.01
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Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and
Interest Rates in New York

LVALUE ACRE RETURN D/A RATIO INTRATE

5.5567246 17000 -408.6862419 8.217347904 2.40
5.548486273 16800 1873.887119 8.51999384 2.40
6.040340263 16400 1804.84966 9.019693581 2.40
6.010270241 16100 519.1115506 8.992938646 2.40
5.689129745 15800 -802.7301183 9.794615674 2.40
5.975459501 15600 -1673.096065 10.54866764 2.82
5.973623484 15400 -606.9929735 10.64404234 3.18
6.295670462 15100 588.5020047 10.84137275 3.65
6.370694017 14800 1837.564143 11.25661529 3.32
6.868638534 14500 -1302.638016 12.37152696 4.33
6.890325033 14300 619.41416 14.17687877 412
7.189511771 14000 1728.866219 15.02767043 3.88
7.463378454 13700 -1478.188069 15.97682246 3.95
7.843676896 13400 1215.633361 16.67867298 4.00
8.31300262 13200 734.2582822 16.99071358 4.19
8.56331529 13000 2867.086004 17.75390919 4.28
9.145815358 12600 5572.597115 17.25325449 4.93
9.582792819 12000 3141.820506 17.86999888 5.07
10.03371328 11500 2529.451809 17.58990119 5.64
10.43857301 11200 3748.470307 17.62938108 6.67
10.42196238 11200 2667.698254 17.72768997 7.35
11.17028635 11000 2058.603923 17.96799816 6.16
11.79941003 11200 -13.58756753 18.42057553 6.21
13.96998807 11500 3026.48564 17.99061263 6.85
14.68851704 11700 -1255.193659 17.58949039 7.56
14.54995132 10600 -3664.00914 18.13397952 7.99
14.60126362 10200 -3045.392839 18.60205149 7.61
14.03246176 10000 -4885.193021 20.72370895 7.42
14.64096849 9800 -1886.611075 20.88081637 8.41
14.52989728 9600 571.3780058 22.05976075 9.43
14.29839814 9400 504.7191721 23.85217101 11.43
13.88513056 9700 1880.535236 22.86961937 13.92
13.22886928 9500 1846.42133 24.72878754 13.01
13.21239966 9500 -1035.187986 26.31596303 11.10
12.31617411 9400 682.6754685 22.94392498 12.46
12.29010061 9100 1031.553405 23.88435882 10.62
13.69521342 8900 389.1502359 21.18610045 7.67
13.79425822 8700 1473.145813 19.23392924 8.39
13.80339735 8400 -358.2160512 17.57237145 8.85
12.90585345 8400 826.9463629 18.39103288 8.49
13.41681574 8300 39.54483299 17.19386703 8.55
13.48615272 8200 -1348.04452 15.81357509 7.86
14.31679822 8100 279.0678188 15.6813113 7.01
14.25500622 7900 -1854.78615 16.17681603 5.87
14.18046862 7900 -2805.608306 16.32173654 7.09
13.67855398 7800 -4521.708034 17.08736949 6.57
13.31784911 7800 -1342.902352 17.59300487 6.44
13.41508149 7800 -5571.728182 18.40754358 6.35
13.88960871 7800 -3885.058424 17.88924655 5.26
14.40716067 7700 -4600.841623 17.77332392 5.65
15.2 7700 -2534.662938 17.96050463 6.03
15.72234917 7660 -214.2680893 17.95040008 5.02
16.31587535 7660 -4319.832971 18.43958808 4.61
16.74348603 7650 -1935.615173 17.11465317 4.01




Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and

Interest Rates in Ohio

LVALUE

ACRE

RETURN

D/A RATIO

INTRATE

8.265947689
9.167637867
9.939474707
9.717454869
9.735314328
10.16083221
10.58367769
11.87331169
11.36716387
11.7180243
11.7373123
12.12349044
12.2844428
13.16453374
13.55380862
14.19824297
14.88352028
15.23203749
15.17097447
15.25637594
15.10639843
15.18190621
16.73792715
19.68355623
20.33351574
22.25905754
27.33694841
28.62622199
32.4068004
34.9121143
33.86852133
27.55039913
24.20721355
23.25606242
18.17851978
16.51528488
15.62219756
16.64419122
17.1452725
16.20231898
16.21045409
16.52912133
16.85146177
17.64905532
19.38735944
19.75791131
20.13658786
21.38028612
23.01114278
23.50104222
24.7
25.3901291
26.29735203
27.56090678

21800
21400
21000
20700
20400
20200
20000
19800
19600
19400
19200
19000
18800
18600
18400
18200
18000
17900
17800
17700
17600
17500
17400
17300
17200
16700
16500
16400
16300
16300
16200
16100
16000
15900
15800
15800
15800
15600
15700
15600
15500
15300
15200
15100
15000
14900
14900
14900
14900
14900
14900
14680
14610
14600

6513.084785
6720.851294
8095.497227
5689.975346
8505.370225
380.8943127
115.4734658
-1692.051196
3607.142953
-2705.756189
2690.290216
4866.85066
3291.602077
3469.032295
2363.441033
5166.94584
10932.30087
3304.772736
4949.8879
4113.529182
3846.151894
3108.543195
6519.381201
12010.78561
12688.64359
9063.950856
5900.076756
4094.199217
4623.516156
6811.126723
3650.778533
-5435.405616
-1076.312907
-5379.959446
7622.757152
8389.185986
1595.16754
2410.905302
6983.707748
10961.75429
9496.645977
-1444.420806
5847.829792
2751.557315
5748.343949
1015.508503
7924.483726
9960.463444
2545.801066
-3291.541356
3376.722007
2359.17753
-11516.34534
931.7638732

7.795110256
7.726807779
8.027196805
8.173209427
8.633009097
9.22236766
9.11620486
8.758819836
9.461484227
10.40671117
11.50890893
11.80607195
12.64805717
13.04195052
13.88821044
14.61846887
14.4905299
15.05165444
14.90188428
14.67871808
14.52159241
14.90263488
14.06267589
13.2513099
13.41724947
13.07842981
11.99682265
12.81327802
12.22187794
12.15286947
12.56985011
15.2905434
16.38349258
16.10307128
17.98443124
17.84213506
16.72340479
14.17311309
13.11214404
12.84039647
12.15147877
11.86552027
11.45157107
10.68588072
10.81207526
10.93868595
11.14972999
11.25430042
11.24832643
11.15706479
11.00089871
10.98134635
11.35500784
10.98582477

2.40
2.40
2.40
2.40
2.40
2.82
3.18
3.65
3.32
4.33
412
3.88
3.95
4.00
4.19
4.28
4.93
5.07
5.64
6.67
7.35
6.16
6.21
6.85
7.56
7.99
7.61
7.42
8.41
9.43
11.43
13.92
13.01
11.10
12.46
10.62
7.67
8.39
8.85
8.49
8.55
7.86
7.01
5.87
7.09
6.57
6.44
6.35
5.26
5.65
6.03
5.02
4.61
4.01




Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and

Interest Rates in Texas

LVALUE

ACRE

RETURN

D/A RATIO

INTRATE

2.801996807
3.131286337
3.367833627
3.336056645
3.289024093
3.340638196
3.283983578
3.498048934
3.397124521
3.650368134
4.229233986
4.417085663
4.681995179
4.862162286
5.150447276
5.279971604
5.349439172
5.565552161
5.699149141
5.659006615
5.664899412
5.982846867
6.496304398
7.56576882
6.998646352
7.209198306
7.437440923
7.881566023
8.434946025
8.798660021
8.656727461
9.115816534
8.728661446
9.455378025
10.3432168
8.598845388
7.739390115
7.513707681
6.881885187
6.452926727
6.101894283
5.778088258
5.775329275
5.826450956
5.816207832
5.862237421
5.902470727
6.21495572
6.322881576
6.437241999
7.3
7.568211558
7.774034724
8.042517167

150000
151000
152000
153000
154000
154000
154000
154000
154000
154000
153000
151500
150000
149000
148000
147000
146000
145000
144000
143000
142800
142500
142000
141800
141800
140000
139700
139300
139000
138600
138200
137600
137200
137000
136800
135500
134000
133200
132000
132000
131000
130000
133000
133000
132000
132000
131500
131500
130500
130000
130000
130700
130500
130500

22512.16702
27485.37659
18742.35324
11458.80413
15440.46292
12391.5446
8669.641567
-9632.811888
28581.36751
20012.27965
14553.05782
22302.22358
15686.95352
12932.52105
8915.288002
16824.25561
19174.91789
11068.7456
15517.80001
15498.44575
24402.76769
17905.35252
27194.20883
65051.94856
19265.11421
22537.24642
17721.49036
14932.32033
16472.87434
29893.41726
3674.001941
28554.90216
18934.88454
22475.70753
24528.58726
26116.05796
13345.95608
30131.0004
25374.71598
22104.70559
31804.07045
25040.76192
34172.20354
36536.16373
32991.19817
15987.47262
11856.70364
18562.31219
14410.55925
25935.54195
8896.43785

18527.94932
23946.81708
26581.23103

9.655667674
9.428340664
9.590203882
9.465485442
9.963496542
10.73767364
10.97018108
10.8444969
11.5819247
12.23253423
11.22892439
11.46109569
11.85217959
12.97589726
13.78478713
14.36547205
14.70026364
14.77508883
14.5491965
14.73026322
14.12407474
14.19206156
13.9660577
12.89118587
14.50491039
14.15128869
13.97188288
13.79044845
13.58224464
13.32000244
13.85863077
13.42265167
13.5235615
12.74609174
12.10472093
13.97481584
13.7114745
12.91683478
12.53652021
12.01344472
11.84424842
12.30788503
11.35677302
11.49406194
11.76356401
12.06400033
12.24672114
11.99808452
12.20581056
12.14019459
12.14729013
12.05441723
12.09500221
11.90263041

2.40
2.40
2.40
2.40
2.40
2.82
3.18
3.65
3.32
4.33
4.12
3.88
3.95
4.00
4.19
4.28
4.93
5.07
5.64
6.67
7.35
6.16
6.21
6.85
7.56
7.99
7.61
7.42
8.41
9.43
11.43
13.92
13.01
11.10
12.46
10.62
7.67
8.39
8.85
8.49
8.55
7.86
7.01
5.87
7.09
6.57
6.44
6.35
5.26
5.65
6.03
5.02
4.61
4.01




Annual data of Farmland Values, Returns to Farm Assets, Debt to Asset Ratio and

Interest Rates in USA

LVALUE ACRE RETURN D/A RATIO INTRATE
5.646401963 1175646 188928.296 12.87386088 4.12
5.868305411 1167699 244647.4116 13.28963066 3.88
6.057285426 1159383 249449.6527 14.11842557 3.95
6.360743877 1151572 264080.9739 15.02882555 4
6.652047671 1146106 214043.463 15.74496303 4.19
7.037719076 1139597 319622.6685 16.21742639 4.28
7.270063984 1131844 361212.9551 16.76032984 4.93
7.503427384 1123456 277496.6097 17.15191742 5.07
7.592862963 1115231 253245.0314 17.07937462 5.64
7.49318859 1107811 308570.3297 17.33559438 6.67
7.396145144 1102371 292989.0133 17.39490806 7.35
7.595554266 1096863 304046.6481 17.50562249 6.16
8.155194625 1092065 448249.9191 17.09149896 6.21
9.49813616 1087923 917735.1254 15.95450822 6.85
9.812862797 1084433 568161.7413 16.62415784 7.56
10.45531999 1059420 457355.9803 16.34807866 7.99
11.79407899 1054075 288849.9281 15.9361331 7.61
12.42259206 1047785 256355.7037 16.63899982 7.42
13.71982757 1044790 366987.6603 15.92626328 8.41
14.86959778 1042015 427635.0306 16.12802788 9.43
15.13614592 1038885 208889.7013 16.23634304 11.43
13.92738563 1034190 380404.9755 17.80618586 13.92
12.70204283 1027795 339030.5782 19.11326855 13.01
12.42628152 1023425 189906.398 19.40769596 111
10.67164535 1017803 431032.9635 21.0304047 12.46
9.310696413 1012073 423054.5594 22.18749613 10.62
8.556580173 1005333 330075.3364 20.95626114 7.67
8.771681588 998923 425322.8442 18.30949251 8.39
8.848322874 990723 399126.6475 16.88446628 8.85
8.708755134 986850 451124.3252 16.10242114 8.49
8.636633837 981736 414007.7142 15.5977241 8.55
8.466141365 978503 297183.4146 15.62163606 7.86
8.59099341 968845 407744.4581 15.16149457 7.01
8.981569801 965935 315144.1919 14.77291021 5.87
9.289790875 962515 384193.2948 14.8631051 7.09
9.581381633 958675 226520.916 14.805755 6.57
9.800218796 956010 432860.3631 14.81407441 6.44
10.15284667 953500 319000.2754 14.92535211 6.35
10.51342249 947440 266686.8542 15.19597261 5.26
10.99850492 942990 208579.5436 14.72534082 5.65
11.46328332 945080 232595.2158 14.76354467 6.03
11.82324171 942070 237896.2227 14.78611854 5.02
12.22345541 940300 80511.03177 14.82394318 4.61
12.76003833 938650 283464.5918 14.36062622 4.01
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