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Combining Survey and Other Data
To Estimate Agricultural Land Values

Charles H. Barnard and Danny Pfeffermann

Abstract Combining survey, census, and admini-
strative data improves the precision of survey estumates
of mean agricultural land values A components-of -
variance model 18 developed and applied to cropland
value data for the Corn Belt Performance of the model
compared with other procedures s tested using cross-
validation techniques Results indaicate that use of the
proposed estimator would vmprove upon the USDA
estimalors at both the State and strata levels At the
strata level particularly, the improvements may be
very substantial

Keywords. Agricultural land values, components of
varwance, cross-validation, small areas, survey data

The Economic Research Service (ERS) estimates
farm real estate value for 48 States and the United
States (24) ! These estimates are derived from reports
obtained n the Agricultural Land Values Survey
(ALVS) from sampled farmers (74,26} The need for
improved State-level values prompted an examination
of alternative datasources and alternative estimators
This paper shows how data available from sources
other than the ALVS, and known at the county level,
can be combined with ALVS data to improve the
statistical precision of farmland value estimates The
methods described here may be useful for improving
the precision of other agricultural statistics

Small area (or small domain) estimation provides the
foundation for a new estimator that combines data
from the ALVS and other sources The basis for the
new estimator 1s a prediction model that relates the
individual farmers' reports to a set of regressor
variables and a set of county and State effects The
regressor variables measure known aggregate county
characteristics, while the State and county effects
represent specific influences not accounted for by the
regressor variables In view of the large number of
counties and the small sample sizes realized in all the
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counties and some of the States, the county and State
effects are considered random giving rise to a mixed
linear model with fixed regression coefficients and
random components of variance The use of linear
models with random effects 1s a common practice 1n
small domain estimation The form of our model and
the regressors included are chosen 1n order Lo best
predict thesmall domain meansof the target variable
(the farmland values in the present case) and not
necessarily to represent causal relationships with a
substantive interpretation Indeed, whtle regression
analysis has been used extensively to 1dentify causal
factors explaining the value of farmland, regression
techniques have not been used to yield improved
estimators (predictors) of mean farmland values

We show how the'mixed linear model, in the contextof
small domain eStimation, can potentiaily improve
upen current USDA procedures Data from existing
sources, measuring county charactleristics that are
believed to affect the farmland values, are selected as
regressor variables Actual computation of the new
estimator and its standard error (which.we describe)
permits an assessment of model performance and a
comparison with USDA and other related estimators
The results of that study conducted using cross-
vahdation technigues, show that the new estimator 1n
most instances substantially tmproves upon the
estimators used by USDA, particularly at the strata
level

Small Domain Estimation and the
Mixed Linear Model

The problem underlying the computation of the farm-
land value indexes may be traced to the framework of
survey sampling theory A survey populationofall the
farmersin the United Statesisdivided into production
regions, States, and counties The counties are grouped
into homogeneous strata and a random sample of
farmers i1s drawn from every stratum using a prob-
ability sampling plan 2 If the samples within the
vartous strata were sufficiently large, one could

291raia conststan gencral of groups of adjacent counties called
Crop Repurting Districts (C DR Ty pically aState hd=8-9CRD «
with each CRD consisting of 810 counties However urban-
influenced counties have been extracted from CREYe andd placed
special strata In what follows this defimtion uf strata al defines
the suryvey strala
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estimate these means by the observed sample means,
thatis by averaging the farmland values reported by
the farmers in the corresponding strata These strata
estimates could then be averaged to produce State and
regional estimates the usual USDA procedure How-
ever, the sample sizes selected by the ALVS within
many States are too small to guarantee reliable State
estimates, partly because of low response rates (The
effective sample s1ze in some States 1s less than 40)
For instance. individual State indexes are not con-
structed for New England (27) Ontheother hand, for
selected States where the estimates are more reliable,
the National Agrieultural Statistics Service (NASS)
publishes indexes for strata Indexes for the United
States and 10 major farm production regions may be
considered rehiable due to sufficiently large samples

The problem underlying the production of farmland
indexesis a typical small-area estimation problem, an
1ssue receiving increased attention in the statistical
literature in recent years The problem of small-area
estimation 1s that because of the small sample s1ze 1n
any given area the direct survey estimator based only
on the sample observed for that area can become very
unstable To overcome that problem, a variety of
techniques has been proposed which essentially
‘borrow strength” from one small area to the next,
increasing the precision of the estimators n given
small areas

The data used for these estimators include the ob-
servation on the target variable (the ALVS farmers’
reports 1n our study) and the values of regressor
variables x; x, representing known small-area
characteristics related to the unknown small-area
means {8,] Denote by Y, the vector of observations on
the target variablen sma]l areaibased onasample of
n units Assuming simple random sampling, 1t follows

that Y, = Jél Y, / n =6 +& where £, 1s the
corresponding mean of the error terms ¢, =Y, - 8,

s 1) 1
with expectation E(€) = 0 and variance var() =
oé/n,

When the varances ¢ / n, are suitably small, the
statistician may be content to use the estimates Y,
which are basically the estimates, currently used by
USDA Inviewof thesmall sample sizes (n ), however,
other estimators have to be considered One natural
candidate 15 the regression estimator X' bwherebisa
vector of estimated regression coefficients based on
the mdividual observations YJ The estimator X' b
would be ideal if for every 1, 8,=X' B where B
representsthe “true” unknown regression coeff;cnents
In fact, the estlmator,ﬁ',b, may still be used even when
the relationship 8, = ﬁdoes not hold provided that
the deviations {8 - X' ﬁ} are sufficiently small

I~~~
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Often the sample sizes n, are too small to allow the use
of the estimators [ Y }, and the deviations {8, - X' B}are
too large to use the est:mators}_',!} Small-area estima-
tion techniques are essentially a collection of models
and inference procedures proposed in the hiferatureto
yleld estimators that compromise between the esti-

mators [?,] and X, b, resulting in increased efficiency

For example, suppose it can be postulated that §, = ’S.;
B+ v, where E(v) = 0and var(v) = o Notice that
thedeviations v, are viewed now as random quantities
Under this assumption, the model holding for the
original observatlons can be written as a mixed linear
model, Y, = X, B+ v + ¢, where the individual error
terms {v, + £, ! are now correlated within small areas
duetothe common effect v, This model has been used
by Battese, Harter, and Fuller(5) for the estimationof
crop areas in counties in Iowa by using satellite data
as the.regressors The estimators.derived under this
model have the general form 8 = K'Y + (1-K) ._l,,l?,
where K, = 03/0& + d¢/n). and o¢ and of define
suitable estlmators of the unknown variances The
estimator 9 1saweighted average of the estimators Y
and¥ b with welghts that reflect the relative premsmn
of each of the two estimators In another article,
Pfeffermann and Barnard (77) synthesize the recent
research insmall area estimatton Inwhat follows, we
refer to that article using the abbreviation P-B

The model used 1n the present study extends the
Battese-Harter-Fuller model by accounting for bath
State effects and nested county effects Let Y, be the
farmland value reparted in the ALVS by farmer
residing 1n county c of State s Let 6, stand for the
unknown mean market value in county sc We
postulate the following relationship

Y, =6.+¢ 6. =X,

SCI s5C sci? sC

Bra+y, (1)
for s=1 S, e=1 Cs), 1=1 ng.

where {g,} are independent errors with zero mean
and variance g%, {a] represent random State effects
with zero mean and variance o¢, and {y,Jare random
county effects, nested within the State effects with
zero mean and variance 2 We assume that the three
random components are mutually independent S 1s
the total number of States in the study, C{s) 15 the total
number of counties in States, and n_1s the number of
reports in county c of State s

Equation 1 postulates that the land values reported by
farmers residing 1n the same county, Y, are dis-
tributed randomly around the true county mean. 8,
The variation of the county means between counties s
modeled as a funetion of known regressor variables,
and random State'and county effects The regres-
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sor variables represent k county characteristics with
typical values represented by X!, = (1, x,,. » Xgek)
for county sc {See the next section for the list of
regressor variables used in our study )

The State effecis represent any systematie influences
on the prices of farmland that are common to all
counties in a State, but that are not represented by the
regressor variables State income and property tax
laws, State environmental laws, and other regulatory
policies that vary by State and restrict farm operation
or landownership come to mind Similarly, the
residual county effects represent unique county
characteristics that systematically affect the values of
farmland, but again, that are not represented by the
regressor variables Examples might be the level of
social services, school quality, and other character-
1stics that affect the quality of life

Substituting the right-side equation of (1) into the
left-side equation gives the mixed lnear (components
of variance) model representation

Y

]
8Ci = E"SC—-@“— aS + YSC + £ sCI? (2)
which implies

COV(Y., Yoo o) = 0f + 02,1 7#1%,
COV(Y, . Yo =0, c#c*,
COV(Y, Yoopme) = 0, § 7 5% (3)

Thus, the model states that values reported by farmers
residing 1n the same county are correlated, as are
values reported by farmers residing 1n the same State
but 1n different counties

The actual application of the model requires as a first
step the identification of available data sources to be
used as potential regressor variables We diseuss this
1ssue 1n the nextsection The formulas of the predictor
of the county and State means, as obtained under the
present model, are given later Note 1n this regard,
that since the county and State means are considered
as random under the model, we adopt hereafter the
conventional statistical terminology and refer to the
assessment of these means as “prediction” rather than
“estimation ”

Available Data. Sources and Definitions

Identification of factors that affect farmland values
and statistical measurement of their importance has

been the objective of studies for more than 60 years,
spawning an extensive hterature within the agri-
cultural economics profession Reynelds (18), for in-
stance, cites a partial list of more than 60 empirical
studies The purpose of most of these studies was to
discover the determinants of variation in farmland
values and estimate the parameters associated with
those factors Empirically, the general procedure s to
regress observations on farmland values against cor-
responding observations on a set of independent
variables representing variation in productivity or
tncome, location relative to markets and services, and
nonagricultural influences

In contrast, the purpose of our procedure 1s to 1dentify
regressor variables, which, when used jointly, can
best predict the county and State mean farmland
values without worrying about causal relationships
and substantive interpretations Nevertheless, pre-
vious models fitted to farmland value data provide a
natural basis to guide the selection of factors to
include 1n our model The other obvious consideration
inthe preliminary selection of such regressor variables
1s data availability, which we describe next We then
specify the variables considered 1n our study

Sources

The US Department of Commerce (USDC) is a
major source of county-level information that can he
used as additional information to model the variation
of farmland values The Census of Agriculture
generally conducted every 5 years provides a wide
array of agriculturally related information, including
acres of land 1n farms, numbers of farms crop acres
harvested, quantities of crops and hivestock produced
(sold), market values of crops and livestock sold, and
days of off-farm work {(28) Indeed, much of the
literature involving eross-sectional analyses of aggi e-
gate farmland values has used county, State or
national estimates provided by the Census of Agri-
culture Inaddition, the decennial Censusof Population
collects information on rural and urban pepulation
The Bureau of Economic Analysis. through its
Regional Economic Information System, provides
annual data on local area employment and personal
Income, by Standard Industrial Category (SIC) The
data series available imclude mineral mcome, net
farm income, and off-farm employment

A notable feature of the procedure presented n this
article1s its ability to include alfer native assessments
of formland value among the regressor variables
USDA, 1itself, collects farmland value information
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from three other independent sources, which provides
direct assessments of county farmland values 3 Of
particular interest 1s a set of data collected annually
by the Agricultural Stabilization and Conservation
Service (ASCS) from each of 1ts County Executive
Directors (CED’s) This variable represents the
opimons of ASCS county executive directors, one per
county concerning the average value of nonirrigated
cropland 1n their county Most CED’s consult with
farmers, lenders; and other real estate professionals
before forming their opinions The data represent the
opmion of each CED regarding average values of
farmland in each county whose ASCS program they
administer While there aresome small differences in
definition, these data-provide an independent assess-
ment of farmland values (1,8) and are particularly
valuable because reports are received from virtually
every agricultural county n the Umted States (See
also the last twoparagraphs at the end of this section )

Other sources of data on farmland values include the
Farmland Market Survey, which obtains both sales
data on individual tracts and opinion data on county
farmland values (2?) The opinion data from this
survey are similar in form to the ASCS data but lack
estimates for all counties The USDA Farm Costsand
Returns Survey (FCRS) (25) and the Census of Agr:-
culture (9 28) are sources of information on the value
of farmland and buildings The Census of Agriculture
provides data for every agricultural county but only
at 5-year intervals Data from the FCRS, though
available annually, are not available for every county

Variables Considered for Analysis

In studies cited by Reynolds (18) and Reynolds and
Comer (19), many variables were found to be important
determinants of farmland values Particular data
used and speecific results obtained have depended
upon data availability and the level of aggregation
employed Data used have varied from micredata on
sales of individual tracts to aggregate data collected
on a State, regional or national basis (2) In the
selection and specification of variables for our model,
we relied mostly on cross-sectional studies that used
county data The variables chosen are general in the
sense that they could be used in the analysis of
nomirrigated cropland in most regions of the United
States Our imtial mode!l included 10 variables eight
that represent various aspects of agricultural pro-
ductivity and urban influence, one that represents
mining activity, and one that 1s the independent
assessment of nomirrigated cropland value from the

3AI four USDA sources collect data during January-February
of each year
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CED’s of ASCS Brief descriptions of the variables
selected, their sources, and abbreviated names are
provided in table 1, with more detailed explanations
following

Various measures have been used to represent ag-
ricultural productivity and the overall economic
potential of farmland (4,6,9,15,16,21,22) Inour model,
PCTFARM and PCTGRAZ were included in the
model to represent the basic suitability of the land for
crops, which depends on soil, climate, topography,
and other factors A larger percentage of farmland
generally indicates higher average productivity, while
larger percentages of grazing land indicate lower
average productivity Variation in overall economic
potential of land for agricultural use 1s measured by
FARMINCOME and CROPSVALU Larger netfarm
incomes and gross crop receipts per acre imply more
productive cropland Although these variables are
crude measures individually, taken together they
serve as proxies for the agricultural value of farmland

A similar variable, SPECLTYVALLU, was included
to capture the contribution of high-valued specialty
crops, including vegetables, fruits, berries, nuts, and
greenhouse products Such variables measure dif-
ferences 1n land use intensity The importance of
specialty crops as a determinant of land values 1s
demonstrated by Reynolds and Tseng(21)1n astudy of
Florida counties

Size of tract has been demonstrated to be an important
explanatory variable 1n models designed to explain
farmland values (6,7 12,15,16,21,22.23) Our variable,
FARMSIZE, serves as a proxy for size of tract sold
Value per acre declines as tract size increases, ceferts
par thus

Measures of urban influence, including population,
population density, and extent of off-farm employ-
ment, have often been found to have large and sta:
tistically significant effects on farmland value (6,7,9,
12,18,15,16 20,21,22.23) In our study, these non-
agricultural influences are represented by POP-
ULATNand NUMOFFFARM Larger urban popula-
tions imply increased demand for farmiand for rural
residences More off-farm employment opportunities
imply increased potential for part-time and hobby
farms Nonagricultural uses often can outhid agri-
culture for use of urban-influenced farmland

MINEINCOME is another variable related to non-
agricultural influences 1included principaliy to cap-
ture the effect that mineral rights may have on the
sale price of individual parcels When opinions of
value are formed on the basis of reported farmland
sale prices, a portion of the value of mineral rights



Table 1—Variables used in the empincal study

Abbreviated

Description

Source

Urban population per

Market value of crops

Net farm ncome per

Acres of grazing land

acre of total cropland

operators who worked
at least some days off

name
CED County executive
directors’ opinions of
mean county
farmland values
PCTFARM Acres of farmland
as a percentage of
county land area
POPULATN
acre of total
cropland
CROPSVALU
sold per acre of total
cropland
FARMINCOME
acre of land 1n farm
FARMSIZE Average number of
acres per farm
PCTGRAZ
as a percentage of
land in farms
SPECLTYVALU Market value of
specialty crops per
NUMOFFFARM Number of farm
the farm
MINEINCOME

County income from
mining

ASCS questionnaire!

Census of Agriculture?

Census of Population?
Census of Agriculture?

Census of Agriculture

Local area personal
income?

Census of Agriculture

Census of Agriculture

Census of Agriculture

Local area
employment’?

Local area personal
income?

'Agricullural Stabihzation and Conservation Service USDA
2Bureau of the Census USDC
SBureau of Economic Analysis USDC

may be incorporated Thistactor may positively attect
cropland values in areas with substantial m], gas, and
coal development

The final variable included in our ininal model was
the average value of nomirrigated cropland from
ASCS described eailier, labeled CED in table 1 The
inclusion of the CED variable as one of the regressor
variables raises two interesting questions The first
question refers to the different roles assigned to the
CED and the ALVS measurements, namely, one
variable being specified as an independent variable
and the other as the dependent variable despite the
fact that both variables measure essentially the same
phenomenon Qur consideration in including the CED

variable as the regressor variable was that this
variable, unlike the ALVS, 15 measured in every
county and can be used 1n the model without missing
observations Also mncontiasttothe ALVSestimates,
whose precision depends on the realized sample sizes,
which differ from one county to the other, the CED
variable uses the same sort of information 1n every
county Theoretically a better way to include these
val iables tn the model would have been to specify both
of them as dependent correlated variables Notice,
however, that this multivariate framework 1s much
more complicated computationally, whereas the gains
n terms of the efficiency of the resulting predictors
would generally be low considerimg that both the
univariate and the multivariate models exploit the



~ame amount of information If thejoint distribution
of the two estimators can be assumed to be bivarate
nor mal thenthestructure of the predictors asobtained
under the two models 1s similar (even though not the
same)

The other question applies to the interpretability of
the model In some sense, the CED varable en-
compasses and méasures the interaction of all the
other regressor variables included in the model and as
such, the model has no longer a substantive causal
interpretation We re-emphasize however, that the
purpose of the analysis 1s the prediction of the county
and State means Thus, variables have been included
in the model based on their prediction power and not
with respect to their substantive interpretation, an
important factor when analyzing the results of this
study

Computation of the Predictors
and Prediction MSE's

In this section, we outline the major stages in fitting

the model defined by equations 2 and 3 to the actual

data A moretechnical and comprehensivediscussion

can befoundin the P-Barticle We assumea givenset

of regressor variables with typical values X% = (1, X,
X ) corresponding to county sc

Presentation of the Model in Matrix Notation

Let Y . represent the vector of observed values in
county sc.and let Yi=(Y;, Y. defme the vector
of observations 1n State s so that Y' = (Y’ Y')
defines the entire vector of reported land values A
similar notation 1s used for the residuals e, } We
denote by &' = (a, a.) the vector of State effects
and by Z'={ry1  Yicar o+ Ysi Vscs) the

S
vector of nestedl county effects of order T, = Sflc(s)

Using the symbol & to define the Kronecker product,

Cis !
n = cg)l n, to represent the number of observations

N

in States, and.l’_todefine in generala 1 * m vector of
ones, the model defined by equation 2 can be written
compactly as

Y=XB+Z,8+2,r+E=Xb+1, (4)
where X' =
¢ !
[_.1_. n“@}_“ ~..,1, n12® X2, ,,,l_.n icis @ Xicy

r
dng @ xs '—ynSC(S) ® Xsois))
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Z,= :1 ]
1
1
L M|
The vector u satisfies
E(ug)=
E(uy' )= 03 2,2+ afZy Z'y + 0%1,, (5)

5
wheren = q;lm‘and I 1stheidentity matrix of order n

Optimal Predictors of County and Strata Means
Assuming Known Variances

The optimal predictors of the county and Strata
means are obtained 1in a straightforward manner
from the optimal predictor of the vector 4’ = (8, ', ¢')
One way to derive the optimal predictor » and the
associated variance-covariance {V-C) matrix of the
prediction errors (2 - 2) 1s to compute A as the
generalized least squares (GLS) solution of the re-
gression model

4=
im

Y X Zy. 2,
yo= = al+ ja(=x%+0 (6)
Q,- r0k+]’ 'Ir z X

where 0  and 0,,, define correspondingly a column
null vector of order r = $+T, and a null matrix of
order r » (k+1}{70) The error vector P satisfies E( <0
=0, E(%" )=V =Diagls% 1, o4t's, a1, | The
GLS estimator of A1

é= (XO’V‘IXO)-] X¥V IY_O (7)



Notice that X°1s of full rank (assuming X 1s of full
rank), which guarantees a unique solution The V-C
matrix of the prediction errors has the common form

VARA-2)=E@Q-2)A-2) =(X°VIX9)L (8

where the block matrix consisting of the first (k+1)
rows and columns of (X¥V-1X9)1 15 the V-C matrix of
the GLS estimator 8 of 8 ¢

The optimal predictors of the county means and the
corresponding prediction variances are obtained from
Aand VAR(A-A)as

05 = H’frscfg TA Y Ve = .}lfsca_' (9

_c
E(8,, - 8,02 = Vg (XYVIX0) Ih,,, (10)

wherehr' = (¥, d',Jand o' 1sarow vector of length

5
(8+T,) with 1's in positions s and (SLEO C(t) + ¢) ang
zeros elsewhere, [C(0) = 0]

The mean farmland values of the survey strata are
obtained from the county means as

Bsh =2 ascasc/ z A T z Escgsc ' (11)

sce sh scesh seesh
where a, 1s the total acreage of the particular type of
farmland 1n county sc, a., 15 the proportion of acreage
of that particular type of farmland in stratum sh that
1s found 1n county se, and the summation 1s over
counties 1n State s belonging to stratum h Since 8, 1s
a hinear combination of the county means, it follows
that the optimal predictors of the survey strata means
are

é = z.a.'s::ésx: = C;s +2 asc (frsc é + );sc) =.£sh8. (12)
sC€E sh s¢ € sh

where , =A% a,_ ', r'y) and ¢, 1s a row vector of
sc € sh

length(S + T,)withonempositions, &5, Agcem 1N
the positions corresponding to counties included 1n
stratum sh, and zeros elsewhere C(sh)is the number
of counties included in stratum h of State s For
example, s=1, 1f 8=5,and h=1, then rj; =
(1,0,00,0,la,, A0 010,  0) Thepredic-
tion variance of 8, 1s

4An important advantage of expressing A as the GLS solution
of the regresston model {(equation 6) 15 that the predictor and the
prediction V-C matrix can bé computed using any computer
software for weighted regression with YVas the dependent variable
X° as the design matrix, and w' = (1" ,.) V! as the vector of

n+r
weights

E(8y, - 8% = 14, (XOVIXOY Yy (13)

The use of equations 9-13 assumes that the sample
includes farmers from every county P-B gives the
appropriate formulas for the case where some of the
counties are not represented in the sample The
optimal predictors of the State means can be obtained
in similar fashion

Variance Estimation

The discussion to this point assumes known variances
In practice, the variances have to be estimated from
the sample P-B discusses the practical aspects of
estimating the unknown variances by maximum like-
ihood methods assuming that the model random
disturbances have a normal distribution They 1l-
lustrate that the variance estimates can be obtained
by iterating between the procedures “REG” and
“VARCOMP” 1n SAS

Substituting the sample estimates for the true vari-
ances 1n the formulas for 8, and 8, gives the cor-
responding empirical predictors of the county and
strata means Performing a similar substitution in
the formulas of the V-C matrices yields, 1n the case of
large samples, the V-C matrices of the empirical
predictors These matrices have to be modified in the
case of small sample sizes 1n order to account for the
extra variabihty induced by the need to estimate the
unknown variances See, for example, Kackar and
Harvilie (11)

Application of the Model -

The model defined in the previous section was applied
to data collected by the ALVS The purpose of this
analysis was twofold to test the switability of the
model to the land values data, and to compare the
performance of the model-dependent predictors with
the performance of other possible predictors (esti-
mators), ineluding the survey estimator used by
USDA

The USDA Survey Estimator

The ALVS 1s an opinion survey of farmers and
ranchers Participantsin the survey are selected by a
stratified simple random design, carried out separ-
ately within each of the States, with a 20-percent
sample rotation from one year to the next The
questionnaire asks for information on average market
value per acre of irrigated and nonirrigated cropland,
grazing land, and woodland The values reported by
the farmers are averaged first within strata and then
over the strata within States to yield estimates of
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State average market value, by typeof farmland (14)
Until 1989, the averages within strata were simple
means, while the averages of the strata means were
welighted averages, the weights being relative to the
total acreageof the particular type of farmland in the
given strata ERS changed its procedure 1n 1989, and
the strata estimates are now weighted averages of
county means Acreages come directly from, or are
der1ved from, the latest Census of Agriculture (28)

Application of the Model to Corn Belt Data

The survey data analyzed in this study are the values
of nomirrigated cropland in the Corn Belt States as
collected 1n the 1984 ALVS 5 Nonirrigated cropland
constitutes the major land use in the region The data
consist of 871 farmers’ reports representing 5 States
(Indiana, Ilhinois, lowa, Missour1, and Ohio), 43 strata,
and 251 counties We excluded from the analys:s the
strata formed for the urban-influenced counties (see
foothote 2) since the farmland values 1n these strata
behave very differently from the values in the other
strata, thus requiring extra treatment ® In urban-
influenced counties, particularly those that are part of
large metropolitan areas, farmland values arehigher
and have larger variances than counties in more rural
areas The mean and variances of farmland values in
the excluded strata are 38 percent and 339 percent
higher than in the remaining strata. respectively
Tarmland values in urban-influenced countiesexhibt
l1ttle relationship to the agricultural characteristics
that determine farmland values in rural counties,
suggesting the need for alternative model specifica-
tion Although the current model does contain a proxy
forurban influence (the POPULATN variable), county-
level population eannot fully aceount for the influence
of large multicounty metropolitan areas Distance
from the center of the county to the center of the
nearest major metropolitan area might more ac-
curately account for the variation 1n the excluded
strata Distance measures have been used in previous
studies with good success Such measures are not
available from published sources, but future work
should involve the development of such data

The 10 variables listed in table 1, plus an added
intercept, formed the tmtial X matrix for the model
(equation 4), while the dollar per acre values reported

SRestriction of the analyais to the Corn Belt was mainly for
technical reasons, but this region, nevertheless, sufficiently 1l-
lustrates the important features of the proposed procedures

6The Corn Belt consists of 495 counties 49 are part of the

excluded urban-influenced strata and 195 had no observations 1n
the ALVS
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in the ALVS constituted the Y vector The model was
estimated based on theentire dataset Thesignficance
of the B coefficients was tested by using the Wald
statistic (29) Thesix variables listed in the lower part
of the table and the 1ntercept variable were jointly
msignificant in the presence of the other four variables
(As discussed before, the emphasis in the present
study 18 on prediction rather than on interpretation, so
we chose to tnclude variables with significant predic-
tive power rather than variables necessarily having
substantive 1nterpretation ) Consequently, the non-
significant variables were excluded from the model
and were not considered in the rest of the analysis
(The Wald statistic for testing a hypothesis of the form
H, C8=0, where Cis r * (k+1),1s W= (C8) [C
VAR( yC'T ICﬂ, and it has an asymptotic chi-square
distribution with r degrees of freedom under Hy The
value observed when testing the joint sigmificance of
the seven variables was W=4 15, which was well
below the customary critical valuesof that szdlstl'lbutlon )

Table 2 shows the four significant regression coef-
ficients (first four elements of the empirical predictor
A) along with their estimated standard errors, the
variance components estimates, and twice the log of
the hikelihood ratio test statistic {(log LRT) used for
testing significance These test values indicate highly
significant variance component estimates as can be
seen by comparing the test values to eritical values of
the x%,, distribution The test results should be in-
terpreted with caution, since the postulated chi-
squaredistribution s a large sample property, where-
as the data represent only five groups

Table 2 reveals the highly significant nature of the
CED variable, which 1s by far the most important
predictive variable To 1llustrate the importance of
this variable, we conducted the following simple
analysis, using ordinary least squares regression
(OLS) Anequation containing only the CED variable
and an intercept was estimated and compared withan
equation containing the four significant variables and
an intercept The regression sum of squares for the
CED-only equation amounted to 96 percent of the
regression sum of squares for the latter equation
Dropping the CED variable and estimating an equa-
tion containing only an intercept and the other three
significant variables results in a 30-percent reduction
1n the regression sum of squares

The dominant predictive power of the CED variable
(available from ASCS data} i1s especially important
because the information it contains 1supdated annually
and 1n the same time period as the ALVS This
contrasts with the 5-year periodicity of information
from the Census of Agriculture



Table 2—Significant regression coefficients and variance components

Item CED PCTFARM  POPULATN CROPSVALU
Regression coefficients 059 357 4 8111
Standard errors 05 1481 498 3

Variance components Significance tests 2 logLRT
Between States—of = 24,337 H,of=0 60 2
Between counties—o2 = 24,157 H,02=0 316

Residual—om2 = 174,940

Testing the Performance of the Model

To assess the performance of the model 1n predicting
the unknown strata and State means, we performed a
cross-validation study by which the model-based
predictor and other estimators were calculated based
on one part of the sample (the estimation part) The
performance of the predictor and estimators has been
evaluated based on their quality in predicting the
data included in the complementary part (the valida-
tion part) This method differs from the direct analysis
of all the data reported 1n the P-B article, with the
advantage that the assessment and comparison of the
vartous estimators and predictors are less tied to a
particular mode! The results obtained from the
study, however refer to the sample sizes of the
partitioned data sets and not to the sample sizes of the
combined sample, which are the actual sample sizes of
the ALVS

We split the'sample between counties within strata
About half the counties of each stratum were allocated
to the estimation part and the other half to the
validation part We employed a simple random
sampling design for the sphitting algorithm

We evaluated the performance of four predictors of
the survey strata means by computing the prediction
bias and root mean square error (RMSE) of the
predictors and averaging the results within States by
using the relative strata acreages as weights The
strata-based analysis enables a comparison with the
survey estimator used until 1989, which 1s defined by
USDA as an unweighted average at the strata level 7
Thus, let M, represent any one of the four predictors
and My, = Za,, Y../¥a,definethe mean for farmers

scE Vsh sC eVSh
included 1n the validation part of stratum h 1in States,

where a 1s the acreage of nomrnigated cropland in

county sc and Y, 1s the sample mean of observations
in county s¢ Assuch, the prediction BIASand RMSE
are represented by

BIAS(M )= (Za,(My - M)/ % a,, (14)
h h
and
RMSE(M,,) = (Ta (M., - M)¢/ Sa,)V (15)
h h

where aj;, Is the acreage of nonirrigated cropland 1n
stratum sh and the summation X 1s over all the strata
included 1n State s h

Using the prediction bias (equation 14) and RMSE
(equation 15) as criteria, we compare the performance
of the following predictors of the strata means

A The USDA survey estimates, I\-'lhh, which were
defined as

Msh =1 n».(.?w/ z N (16)
sceL,; sceE,

wherethesummation isover counties from stratum
h 1n State s included 1n the estimation part

7Qur cross-vahidation study was inttially designed toevaluate the
pre-1989 USDA estimator Since we are trying to predict strata
means over counties included only in the validation part there was
no apparent reason to prefer the new USDA estimator over the old
USDA estimator Supplemental analysis indicates that a com-
parison between our estimator and either of the two USDA
estimators 1s essentially independent of the weighting procedure
used In the augmented analysis, we considered a second sphit
which allocated approximately half of the farmers of each county to
the estimation part and the rest of the farmers to the validation
part To reflect more closely the new procedure used by USDA n
1989, we weighted our county predictions by county acreages The
results obtained for that second split are generally consistent with
results reported here



B The optimal predictors, (8¥,), where the
superscript “E” added to the previous notation 1s
used to emphasize that the predictors have been
calculated based on the estimation part and that
the unknown variances have been replaced by the
sample estimates The optimal strata means
predictors are defined as

al‘it =2 A 8%1:/ )2 Age (17)
sceV, sceV,,

where

6, = ¢ B+ a, (18)

The county effects, y.. are estimated as zero
because the sample was sphit between counties, so
that counties sc selected for the validation part are
not represented 1n the sample

C Thesynthetic regression estimators, Ry, which
are calculated as weighted averages of the county
regression estimators, R, = x' .8, where 8 1s the
optimal maximum likelihood estimator (mle) of 8
and the weighting procedure used 1s the same as
that defined above for the optimal estimators

D The synthetic regression estimators, R‘;lh“
which are calculated in the same way as the
estimator R, except that 8 1s estimated using
ordinary least squares

The synthetic regression estimators, Ry, and fi::.’

represent alternative esimators that also incorporate the
county-specific information The estimator R, accounts
for the correlations between the various farmers’
opinions which result from the ecommeon county and
State effects (see equation 3) Specific estimates of the
State and county effects, however, are not incorporated
into this estimator The OLS estimator, on the other
hand, 1gnores State and county effects altogether

Table 3 gives the prediction bias and RMSE of the
various predictors separately for each State Also
shown are the target weighted averages of the strata
means I1n the validation part defined as
M,=ZagMy/Zag,®

h h

84 robust predictor, incorporating a restriction to assure that the
mean-farmland valuespredicted under the model for the entire
group of States will equal the survey éstimator of that same mean, 18
derived 1n P-B The bias and RMSE of the robust predictor came
out very similar to those of the optimal predictor Thisoutcome can
be considered indicative of the adequacy of the model
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The main conclusion.to note from the table 1s that the
use of the alternative data sources improves the
prediction of the farmland values The improvement
15 evident at the State level as revealed by comparing
the prediction biases of the optimal predictor and the
USDA survey estimator The prediction hias of the
optimal predictor 1s substantially lower in four of the
five States Among the three predictors using the
additional information, the optimal predictor is clearly
the most accurate, demonstrating the benefit of
accounting for State and county effects in the form of
a variance components model The two synthetic
regression estimators show improvement relative to
the USDA survey estimator 1n the prediction of the
State means 1n two States, but the estimators actually
perform less well than the USDA survey estimators in
the other three States, particularly in Missouri where
they miss by a wide margin

The RMSE of the optimal estimator 15 lower than the
RMSE of the USDA survey estimator 1n three States
The reduction amounts to approximately 50 percent
in two of those States The RMSE of the optimal
estimator 1n the remaming two States 1s only shghtly
larger than'for the USDA survey estimator The two
synthetic estimators also show a reduction 1n the
RMSE relative to the USDA survey estimator in
three States, but the reduction 1s less pronounced than
for the optimal estimator For Missouri, the RMSE’s
of the synthetic estimators are considerably larger
than the RMSE of the USDA survey estimator.

The use of the additional information not only improves
upon the USDA survey estimators in terms of point
predictions but also provides a basis for probabilistic
inference Table 4 contains the 95-percent prediction
intervals for the validation State means The prediction
intervals are of the form 6% + 7, [VAR(SE - M))V2
where the model-dependent estimates of the prediction
variances are used 1n the calculation The notable
result from table 4 1s that the validation mean 1s
within the prediction interval Thebias(85- M) 1sless
than 1 96{VAR(6E - M ))V21n all five States, indicating
the mnsignificance of the prediction bias at the 5-
percent level

Conclusions and Model Extension

The results of the empirical study indicate that the use
of alternative data sources improves the precision of
mean farmland value estimates Consideration of
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Table 3—Bias and root mean square errors of strata means predictors

Item Criteria  Indiana  Illinois Iowa Missouri Ohio
Dollars per acie

State means

(validation) 1,958 1,689 1,663 2322 1484
Predictors

Mg, BIAS  -1168 49 9 735 255 1145
RMSE 3187 2780 190 5 1287 3317
6, BIAS -31 4 41 235 832 675
RMSE 1826 2145 1990 1413 184 1
R BIAS  -1875 9390 31 268 3 190
RMSE 2598 2338 197 6 2916 1723
ROk BIAS  -1372 601 214 202 9 199
RMSE 220 4 2420 2075 2351 1803

Table 4—Confidence intervals for the validation State

means
Validation
State Upper limit mean Lower Iimit
Dotlars per acre
Indiana 2,073 1,958 1,779
Ilhinos 1,879 1,689 1,507
Towa 1,815 1,663 1,657
Missour: 1,074 822 736
Ohio 1,580 1,484 1,254

State and county effects in the form of a nested,
variance-components model adds to the precision of
the assessments The computations involved 1n the
application of the procedure can be performed using
available statistical software In addition, the model
provides a satisfactory basis for probabilistic in-
ference

Although the study demonstrated the potential for
predictors derived under the model to improve sub-
stantially upon the estimators used by USDA, the
results strictly apply only to a major land use (non-
irrigated cropland) in a very homogeneous farm
production region (the Corn Belt} The procedure's
ability to produce improvements for irrigated crop-
land, grazing land, and woocdland 1n more hetero-
geneous regions 1s yet to be tested A full evaluation
would also involve extension of the model to include
more States in the analysis and the consideration of
additional regressor variables The inclusion of more
States will provide more stable estimates for the
variance components and, hence, better predictors of

State and strata tarmland values Notice 1n this
respect that it 15 unnecessary to assume the same
regression coefficients for all regions By appropriate
definition of the design X-matrix, different vectors of
coefficients can be postulated for different regions

Consideration of additional regressor variables may
improve the predictions Variablesthat jointly account
for both population of major metropolitan areas and
county location relative to those areas may be es-
pecially helpful Such variables, which represent
access to social services, recreational facilities, and
other quality-of-lhife conditions, may be most useful in
modehng farmland values 1n the urban-influenced
strata that were excluded from this study

As afinal note, we point out the potential applicability
of this procedure to a wide variety of data obtained
from surveys conducted by ERS and NASS With
appropriate modification, the procedures could be
applied, for example, to farmland value data obtained
in the FCRS
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