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Abstract:

As part of an on-going agricultural policy research
project at Jowa State University, a statistical model
waa developed for nitrogen tunoff from egricnltural
lands in the Midwest, and Northern Plains regions
of the U.S. A computation-intensive delerministic
model is used to pradict runofT for a relatively small
set, of points nud a regression model is fitted to these
data. Then, kriging is used Lo predict al, a large mum-
ber of remaining points in the region of interest. The
regression model is comprised of three main compo-
nents: (1) the mean function, which inclndes farm-
ing practice variables, local soil and climate char-
acteristies and the nitrogen application treatwment,
is assumed linear in the paramelers and fitted by
geueralized lenst, squares, (2) the variance function,
which contains a local as well a4 a spatial compenent
whote shupes are left unspecified, is estiinated by lo-
cal linear regreasion, and (3) the spatial correlation
function is estimated by fitting a simple parametric
variogram model Lo the standardized residuals. The
fitting of these Lhree tomponents i¢ iterated until
convergence. ‘The model provides an improved fit to
Lhe data compared to a previous model that ignored
the heteroskedasticily and the spatial correlation.

1. Introduction

Researchers at the Center for Agricullural and Ru-
ral Development a1 lown State University (CARD)
are developing economic models to evaluale the im-
pact of federal and state agricultural policies on the
nitrogen water pollulion in the Midweat and North-
ern Plains of the U.S. (see. among others, Wu el
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al. [10]). In a major deparlure from previous cco-
nomic models, the goal of this project is to predict
the environmental impacis at both the regional and
the local level. Tocal precliction is achieved by using
the 128,691 National Resources Inventory (Nusser
and Goebel [5]) poiuts and their associated dalasels
in the region of intereat as the basis for the evalua-
tion of pollution impact. Nitrogen pollution occurs
via two primary pathways: by nitrogen runofl into
surface wabers, sud by leaching through the soil into
the groundwater. In the current article, we will [ocus
on the prediction of nitrogen runofl. Table 1 shows
the variables used in the model. They ave further
described in Wu et al. [10]. A mup of the study
regions containing the locations of the weather sta-
tions is given in Figure 1,

Tigure 1: Map of the study region (® denotes wealh-
erstation location),

Nitrogen runoff from non-point sources such as



YNO3

NRATE nitrogen application rate

nitrogen rnoff (predicted by EPIC-WQ)

Tillage, conservation and irrigation practice dumindes (reference:

corventional tillage):

DRT reduced tillage
DNT no till
DCONTR.  confouring

Crop rotation dummies (reference: continuous alfalfa):

DROT1 continous corn
DROT2 tontinuous soybeuns
DROT3 continuous wheat
DROT4 continuous sorghum
DROTS corn-soyheans
DROT6 corn-corn-suybeans
DROTT corn-soybeans-wlicat

Rainfall and soil propertiea:

RAIN rainfall (mm)
SLOPE field slope

CLAY clay percentage
oM organic matter (%)

Hydrology dummies (reference: DHYGA):

DHYGB  hydrologic group B

DHYGC  hydrologic group C
Location of closest weather station:

LAT latitude

LONG longitude

DSTRIP  strip-cropping
DTERRA terracing
DIRTYP  irrigation
DROTS soy beana-soybeans-corn
DROTY wheat-fallow
DROT10  wheat-sorghun-fallow
DROTI1  wheat-soybeans

. DROTI2  wheal-sorghum
DROT14  corn-corn-3 yeary alfulfa
BD bulk density
PH goil pIT
PEAM woil permeability
AWC available water capacity
DHYGD  hydeologic group D

Table 1: Model variables.

sgricultural practices is typically unobservable, es-
pecially at the scale of interest in this atudy. The
Waler Quality and Erostan Productivity Impact (‘al-
culator (EPIC-WQ, see Sharpley and Willinma (9},
a widely used (dleterministic) bingeophysion] procoss
moxlel, provides, ot least conceptually, a canvenient
tool for predicting the nitrogen runofl at the NRI
points, both for the current situstion as well as for
scenarios in which agricultural policies change one
or several of the variables in Table 1. Unfortu-
nately, runniog the model for all NRI points would
be prohibitively computer-intensive for establishing
a baseline nitrogen runoff level, let alone for eval-
uating allernative scenarios in which » significant
namber of points might have changes in their co-
variate values, It was therefore decided to estimate
a statistical “metamodel” on a representative sub-
set, of 11,403 datapoint, and use this metatmodel in
place of EPIC-WQ to predict uitrogen runofl at the
remaining observatiou points, as well as for scenario

evaluation. Ancther advantage of this appronch is.

the estimation of coellicicnts and sccompanying er-
ror bands for the covariates, providing additional in-

aights in the nature of the effect of agricaltural prac-
Vies (ropresented by N RATE and the crop rotation
dummy variables in Table 1) on nitrogen pollution.

The original approach of Wu ef al. [10] was to
fit the metamodel by OLS after transforming the
dependent variable and adding & limited number of:
interaction terms. The model was:

(Y NO3)Y/3E &+ Z18, + NRATE s 2,8,
+XP, + iid errors, )

where X = (LAT, LONGQ) represents the location
of Lhe nearest weather station, Z; contains the val-
uea for the remaining covariates from Table 1 and:
Z3 the same exeopt for the removal of the covarinte
NEATE, We will lek Z = [Z| NRATE » 2, X
and for simplicity refer to Z as the covariates for this
model, and let 1 = [ﬂz ﬂ?’ ﬂ:]r. The loeation and
interaction terms were inclnded to improve the it of
the model, and the transformation was selected to
1emove some of the observed departures from the
OLS assumptions in the residuals. Nevertheless, the
residualu still exhibited both severe heteroskedastic-
ity, ae well as spatial correlation. Ae noted in Carroll



and Ruppert [1), transformations of the dependent
variable only remove heteroskedasticily when it de-
pends on the mean. They ate therefore net apprapri-
ate in cases where spatial location appents to eanse
most of the varinnee effects

The gonl of the purrent poper is to demonsteate
how # novel combinalion of imiversol keiginmg and
penparametric yarance function ealimation con be
wsed Lo develop an improved regrasaion madel for
this problem, while maintaining the interpretabil-
ity of the mean function motel (1) The choice of
keiging is motivated by the fack that ene of primary
(ses of Uhis model in the prediction of Y V03 n the
large numlbier of peints not nehicad in the rogres-
sion observations, a situntion for which kriging has
well-known optimality praparties (Cressie [2]). Since
the residuals of the OLS fit of model (1} exhibited
siygnificant heteroskedasticity os well, the explicit in
clusion ol o spatial varinnee function is expected to
fuether improve the fit of both the mean anel the
carrelation function, Since the speaific shape of this
function was not of patticular interest Lo the CARD
researchors, o generalieation of the nonparamelrle
variance estimation approach of Rappert eb al. (8] 1
used. This has the advantage of avoidiug to intro-
duce bias in the estimation by inappropriate choive
of a parametri¢ form for the variance function.

Gection 2. proposes a model that explicitly ac-
counta for the heteroskedasticity and spatial corre-
Intion in the data, and Seciion 3. provides a descrip-
tinn of the approsch used in estimating its various
components. In Section 4., the model exttmnles for
the varinnes and correlation functions are discnsued,
Seation 5. briefly discusses the uss of universul krig-
ing for predicting the nitregen mnoff values ot the
points not incluced in the metamodel. Details on the
fitting procedure as well s the derivabions of souse
of the theoratical resulls neede for the nonparamet-
ric model componenty can be found in Opsomer et
al. [6].

2, The Model

The data consist of n; scalar response measnrements
¥ij (the ¥ V03 measurenuents from Section 1.) and
¢ % 1 covariatan Zyy recorded an N = A9 distinct
geographic sites iy, and e total number of obser-
vations is denoted by n = §75 i

The model is

i BhA 4 ve(2) e 4 val=i) Ty (2)

for j = &,...onp i = 1,..., M. Here dis ngXx 1
vector of parameters. v, and v, arc bivariate vari-
ance functions, the errors uyy are independent and

idhentienlly distribnted with Blug) =0, var(u;
anel the 2 nre wuch that Fle) = 0, var(g) = 1
el cov(er, €00) = pl|[a = imirll; 0), where (4 8) rep-
resents @ patamnetric family of staticnary, isolropic
correlation functions indexed Jy the [possibly multi-
dimensional) patameter 0. For each § the wj are
independent of the €.

Since the only available spatial location inlorma-
tion is that of the closesl weather stalion. many
points share the same Saeakion” o, with ny ranging
frem 1 to 221, 'This motivated the inclusion of the
fiest error term in (2). There in also an jmportand
computntiong] reasan foe working with {liehe apprex-
intnle locations instond of the actual point Ineativre:
oty this reduetion i the boie dimension of the spa-
Linl varinnes-covarianee atrix allows us Lo use ‘ol
Uhe-shell” otutistical packages to perform the estimi-
lion anil predistion computations for this probilem,
‘Tlie semnining exror ug nt o given weather shation
lacation oy were msaumed Lo be indlepemdent, sinee
tlie cirrelation is taken to be spatial. Tn the kriging
vontexk, the varinnee Tunetion asapeinted with the
wy;j is referred to as the nugget effect.

3. Estimation Procedure

3.1 Overview

Let Y be the n x 1 vector containing the Yi;'s ond
Z be the n x g matrix with (7, j)th row equal to ZTJ
Let T represenl the variance-covariance matrix of
the veclor Y,

0: (Initializalion step) Set $=1

1: Obtain

3: For each i such thal ny > 2 obtain

n,

1 -y 2
ni—1 ,Z(""‘ -

j=1

1:".,(2;) =

4: Obtain oy () for all @; by tocal linear smooth-
ing of the Ty ().

5: Obtain #, (#;) by a local linear smoothing of the
72, and let

B (zi) = Be(mi) — Sul(me) /i
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6: Obtain & = /%, (m,)}/% and estimate @ in the
isotropic correlation model p(-; 8).

: Oblain . .
£=5+85,
where (£ )isqrp = dule) if i= ¢, j = §' and 0
otherwise, and

[Eelijiep = Bela) Pie () p(ll2; — 20lf; 8).

This “block” structure for the covariunce ma
trix will allow significant simplifications of the
computations in steps 1,4 and 5.

8: Repeat Stepy 1-7 Rirer times.

3.2 Details on the Implementation
3.2.1 Genernlized Least Squaren

In atep 1, computations involving the inverse of the
11,403 x 11,403 matrix 3 = cév(Y'} are avoided by
noting that, becouse of the assumed model (2),

S=%,+ KTV K,

where X, it a diagonal matrix with repeating
“blocks” of length n;:

%, =diag{vy (i), §=1,...,n, i=1,...,N},

V, is the N x N covariance matrix of the ¢; and K
is un N x n matrix with (4,) entry equal to | for
=14 4! tnye .o Tkt 7 and zera otherwise.
‘The inverse of ¥ i therefore equal to

El=s -5 KTV + KB KT) K ED?,

(Horn and Johnson. [4]), which can be rapidly com-
puted since the largest non-diagonal mairix Lo invert
isonly Nx N. .

3.2.2 Variance Function Estimation by Local Poly-
nomial Regression

If we assume normality of the errors, the (%)
in Step 4 are independently distributed, het-
aroskedastic random variables, with variance equal
to 20, (1)%/(n; = 1), so that the theory developed
By Ruppert ef al. [7] ia directly applicable here. ‘The
apecial structure between the estimator and its vari-
ance is used in the bandwidth selection of the EBBS
algorithm (Rupport [7]). Deteils are in Opsomer et
al. (6]

If we ignore the error caused by the estimation of
“the mean function, the expectation of F} is equal to

E() = Vare(as) + E‘Sg‘u(—‘—)

Bl
i

126

so that the function v.(z;) can be estimated by
smoothing the 7 and subtracting Var, (®i)/n. The
7 are cotrelated random variables, and the eati:
mation of the optimal bandwidth for computing ¢,
ahould take that effect into consideration.

Let # be the N x n matrix with (£, j) entry equal
to 1/m; for j = 1+ Tohes irr o r Yhy 1 and wore
otherwise. Also, let A @ B denote the clomantwise
product of equi-sized malrices A and B.

Result 1. Assuring novmality of the Y;;'s and ig-
noring the error due to estimation of the mean Z,
the covariance matrix of the randorn vector tontain-
ng

i

i=1,...N

is given by
2AreSkT)

where AR = A A,
Beeause of the special structure of ¥, the slementa
of this matrix can be seen to be

(rBeT )i

{ !"',(,‘?Ll‘f‘"t(_‘”l)
(o) 20 () gm0 — muls ) it ¥

Let Vi = diag{vy(a),i = 1,...,N} and B =
diag{1/n;,7 = 1,...,N}. The variance-covarlance:
malrix of the 7} can be written down as :

fe

2V, + VB,

This variance-covariance matrix is used in a band~
width selection procedute very similar to EBBS end,
is described in Opsomer et al. [6].

8.2.3 Dstimation of the Correlation Function by
Variogram Fitting

In Step 6, the correlation function is estimated
parsmetrically by variogram fitting. Because het-
eroskedasticity i8 known to cause apurious pate
terns in variograms, it is important to remove that
effect befors estimating the correlation function.
Hence, the spatial residuals T; are replaced by & =
1/ (4) /3. The following model is used:

p(ti0y,65) = {1 = ('f_‘t:zﬁ-'" gzt)}+

with 8;,82 > 0. ‘Ihis is the rattanal guadratic model
described in Cressic 2] (p.61) with a linesr trend
added to it and foreedd to remain postive. The trend
was added to improve the fli to the data. Clearly,

p

I N
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other parpmetric models could be selected as corre-
lation functions for other datasets, The parameters
9y, 0 are estimated by weighled least squares mini-
mization following Cressie (2] (p.96).

The estimate of the spatial variance covariance
matrix V¢ is computed by setting

Vel = ples = zi0; B)3/Be (i) (2ie).

4. Results

Eatimated Local Varlance
0.486 - 2.260
2.268 - 4.034
4.034 - 5,467

.
]

e 54577428
@ 7.428-12443

Figure 2: Fstimate of the variance function v, () at
the weatherstation locations,

The model was run on the CARD dataset, using
both the transformed and untransformed nitrogen
runoff values as calculated by FPIC-WQ a9 depen-
dent variables. The (ransformation was no longer
necessary to reduce the heteroskedasticity. This is
not (oo surprising, since the heteroskedasticity wos
now explicitly acconnted for in the model itself.
A methodological ndvanlage of the untransformed
model i3 Lthat the predictions computed as in Sec-
tion 6. are unbiased, while the ones found by using
transformed runoff observations are biased after in-
veriing the teansformation. We will therefore only
shiow the results for the untransformed model.
Figures 2 and 3 show the nonparametric esti-
mates of the variance functions vy (-) and v(-) al
the weather station locations. Both estimates show a
sirailnr pattern of low values in the center aud higher
ones at the Bastern and Western boundaries of the
study region. Most of Lhe variability in the data
is explained by the local variance vy, with the mean

Eufimatad Spatial Varlance
0,002~ 0.507

0.507 - 0.970
0.979 - 1.661

G50
2080 - 6717

:
g

Figure 3: Estimate of the variance [unction ve() at
the weatherstation locations.

A WM%

Pigure 4: Variogram and ealimnted variogram func-
tion p(+;9).

value of § (a;) equal to 4.418, while that. for 3, (z;) is
0.979. Tn Figure 4, the variogram of the standardized
residualy & is displayed ag well as the weighted Jeasl
squares fitted variogram function. The spatial corre-
lation decreases rapidly as distance increases, and is
only important for points at short distances of esch
other. The estimated variance-covariance mabrix V',
was indeed positive definile, with all eigenvaluea in
the range (0.005,81.7).

5. Model Predictions

As mentioned in Section 1., the purpose for devel-
oping this metamodel is to be able Lo predict the
potential nitrogen runoff at the set of 128,591 NRI



pointe. If we let 27 anel @* tepresont the matri-
ces of covariates and Ineatlons at Lhe n* prediction
points, the unjversal kriging prediction equation for
the points ¥ = (Y7, i ‘l_r',,'.,'l'r 15 givan by

V' =z2d+cz (v - Z7),

whern € isann® xn matrie with elements (@i =
et — xR0, [7:4) (Cressie (2], p.ama).
Sines the true vitlues for the variance and covarianee
functions are nnknawn, we replice then by their
cahimators obtained by the procetuee deseribed in
Seetinn 3.

An nllernative appronch for prediction wses (s
fart that the prediction and estimation clatis ure ab
the same aob of weather stution locations, so that
the spatial residunls &) can be considurad a lattien
provess (Uressie lﬂ]]. The vector of spatial errors
£ = (&880 cnn Lherefore be predicted by a
“shrunk™ version of the spatinl resiclusls fi

.. Loy

eE=V, (V:+Vu,.) 7,
with Voo = disgl i, (o) fn, i = LN} # =
(Froo i) by a steniglitforward application of
vonditional expetations (Fuller [4]). Hence the fpa-
tinl “earrection” [CE (Y — ZM)i at a given lo-
cation wj can be predicted directly by the eorre-
sponding element of the vector £. This approndch 15
computationally much more efficiont, than the “full"
universal kriging approach deseribed ibove, Fignre
5 shows a plot of the values of the spatial corrections
.
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