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Disclaimer

The numbers reported in this article are not official results
of the National Resource Inventory (NRI). They should not be
considered official or approximate results in any sense for any
characteristic monitored by the NRI. Comments in this article do
not necessarily represent the opinion of USDA, NRCS, CSSM,
ISU, or members of these organizations. The author solely is
responsible for the content of this article.

Abstract:

The USDA Natural Resource Conservation Service (NRCS)in
collaboration with lowa State University conducted the National
Resource Inventory (NRI) every five years from 1982 to 1997.
The survey design was changed in 2000 to an annua supple-
mented panel design. The two-stage stratified area sample survey
selects land segments as the primary sampling units, then points
within the segments as the secondary sampling units. The land
segments are highly stratified. Information is gathered on land
use and the presence of water, trees, roads, and structures on non-
federal lands using acombination of fly-over photography and site
visits. The results are used in erosion modeling and monitoring
Conservation Reserve Program (CRP) lands and wetlands. Given
the stratification and geographical organization of the segments
and points, one could consider using models to incorporate the
spatial and temporal relationshipsinto estimation. One could also
use subject matter knowledge to utilize associations between co-
variate and outcome variablesin estimation. Thiswork isthefirst
step in developing hierarhical models for analyzing NRI survey
data. Models are developed for the purpose of estimating average
soil erosion per acrein 2003 due to wind in lowa. Models are fit
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to data from the 2003 NRI and estimates are compared. Future
work will use previous waves of data, more broad uses of land
and outcomes, multiple states in the U.S., and covariates. It also
will consider formally posterior predictive checks for model ade-
quacy. Results from actual NRI data are not reported in this talk.
Rather, artificial data indicating the nature of results are used for
illustration.

1 Introduction

The National Resource Inventory (NRI) survey (Nusser and
Goebel 1997) has been conducted by lowa State University and
its survey laboratory, now called the Center for Survey Statistics
and Methodology (CSSM) in collaboration with the National Re-
source Conservation Service (NRCS) of the U.S. Department of
Agriculture (USDA) since 1956. The NRI, mandated by the U.S.
Congress, isanational longitudinal survey of natural resourceson
nonfederal lands. From 1982 to 1997, the survey collected data
on 300,000 primary sampling units (PSUs) every five years. In
1997, selected areas accounted for two to six percent of the land
area by stratum. The level of coverage by stratum depends on the
land use, soil type, irrigation practice, and current survey objec-
tives and priorities. 1n 2000, the NRI became an annual survey
program involving data collection on 42,000 PSUs in a core panel
and 30,000 PSUs in arotation or supplement every year. Nusser,
Breidt, and Fuller (1998) provide design and estimation details.

The survey is used to measure the status and change in land
cover and use, soil erosion due to water and wind, urban expan-
sion and loss of prime farm land, and wetland composition. NRI
data are used to model soil quality and other phenomena (see,
e.g., Brejda et al. (2001, 2000a, 2000b). NRI data aso are
used in simulations, such as those of Mummey, Smith, and Bluhm
(2000) and Kurkalova, Kling, and Zhao (2004), that evaluate po-
lices and practices and estimate regional implications of environ-
mental models.

Data are gathered by specialistss who examine high-
resolution digital ortho-rectified photography from low al-
titude airplane overflights. Administrative records are used
to determine ownership (e.g., federal versus nonfederal)
and Conservation Reserve Program (CRP) participation.
Some field observations and specia studies also are con-
ducted. See http://cssm.iastate.edu/natlresinv
for an overview and, for publicly avalable de-
tals on data, maps, reports, and tables, see
http://www.nrcs.usda.gov/technical/NRI. The
data are longitudina with primary and secondary sampling units
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Figure 1: Simulated ten percent of sample pointsin lowain 2003.
The points are perturbed through added noise on both latitude and
longitude. The locations do not represent the locations of actual
NRI sample points.

latitude
42 43 44
!

41

longitude

tracked over time. Data are collected on units in the core panel
every year. Data on rotation and supplemental units are collected
every few years.

The 1997 design, which serves as a foundation behind the cur-
rent annual survey program, isatwo-stageareasample. A primary
sampling unit (PSU) is an area segment comprising on average
160 acres. PSUs range in size from 40 to 640 acres. A stratum
is defined as a collection of geographically grouped PSUs. Two
PSUs per stratum are selected. Strataindicatorswere not available
for this analysis. Instead, in this paper, the strata are taken to be
counties. At the second stage of selection, points within the seg-
ments are selected. The random selection is restricted to encour-
age a geographic distribution of points within segments. Usually
three points per segment are selected. Thus points (SSUs) are
clustered within segments (PSUs) and segments are grouped into
strata (or counties). A simulated ten percent sample (with noise
added to both latitude and longitude) of 2003 NRI sample points
in lowais represented in figure 1. The locations do not represent
the locations of actual NRI sample points.

The goal of this paper is to examine the feasibility of model-
ing NRI data using hierarchical Bayesian models. Section 2 de-
scribes soil wind erosion data in lowa from the 2003 NRI. Sec-
tion 3 presents four models for these data. Algorithms for esti-
mating the posterior distribution of model parametersare givenin
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the appendix. Section 4 presents someresults. Discussion of these
initial effortsand plansfor futurework aregivenin section 5. This
isan initia effort to specify and fit models to these data. Future
work will consider additional models, larger subsets of data, more
variables, and data from additional time periods.

As mentioned in the disclaimer above, the numbersreported in
this article are not official results of the National Resource Inven-
tory (NRI). They should not be considered official or approximate
results in any sense for any characteristic monitored by the NRI.
The author solely is responsible for the content of this article.

2 Wind Erosion Datain lowa

The data considered in this paper concern points that fall on culti-
vated cropland in lowa in the 2003 NRI. Of the severa thousand
points in lowa, about one-quarter are on cultivated cropland and
have soil wind erosion measurementsin 2003. Of these, over sixty
percent of the points have a wind erosion value of zero. A zero
value could occur if the land is completely cultivated, is sheltered
from the wind, or has a combination of other factors that elimi-
nate wind as a source of erosion. Water is a treated as a different
source of erosion. The remaining points have positive wind ero-
sion values. As mentioned before, these figures are not official
and are not the actual values.

The amount of soil lost dueto wind erosion is measured in tons
per acre per year. It is determined at a point by several factors
including the point’sknoll erodibility (slope), its soil ridge rough-
ness, the unsheltered distance across the point, the amount of veg-
etative cover on the point, and the crop rotation schedule. These
factors are recorded in the NRI data but are not used in the cur-
rent analysis. If some of the contributing factors are zero, then the
wind erosion value is zero. Thus, many zero values are structural
in nature.

The positive wind erosion values are very skewed to the right.
That is, the histogram of the positive values has along tail to the
right. About aquarter of the way between the minimum and maxi-
mum values, thereis asight bulgein the histogram. Otherwisethe
height of the bars on the histogram decreases steadily asvaluesin-
crease. A histogram of the log transformed val ues does not appear
skew. Instead, on the log scale it appears that there is a mixture
structure consisting of two underlying types of points. The clump
on theleftismuch narrower and alittle taller than the clump onthe
right. Thereis a deep trough, but not a gap, between the humps.
The underlying reasons for this mixture struture are not currently
known, but will be discussed in future work with NRCS subject
meatter experts.



ASA Section on Survey Research Methods

3 Modds

Four models for soil wind erosion data are presented. The model
specifications include definitions of prior distributions and hyper-
prior values. Model 1 is a single-level model for the points (the
secondary sampling units) within the state of lowa. A log hormal
mixture model is applied to the positive soil wind erosion values.
The zero values are assumed to be truly zero. Models 2 and 3 are
two-level models for the points within counties (strata) and seg-
ments (the primary sampling units), respectively. A hierarchical
model is applied to the positive values in both cases. The impact
of unequal variances within groups of points and of the log trans-
formation are examined. Moddl 4 is a three-level model for the
points (SSUs) within segments (PSUs) within counties (strata).
Details of the Gibbs sampling algorithms used to simulate pos-
terior distributions of model parameters are presented in the ap-
pendix.

3.1 Modd 1; Pointswithin states

The z;’s that are equal to zero are taken to be identically zero.
Many such x;’'s are zero by the fact that one or more of the factors
contributing to the determination of the soil wind erosion factor
are zero. This assumption is made throughout this paper. Future
work will involve discussing this assumption with NRCS subject
matter experts and postulating hypotheses about measurement er-
ror for both the positive and the zero values.

For positive soil wind erosion values (x; > 0), let y; = log x;,
i=1,...,n. Fory;,i = 1,...,n, thedensity in model 1isa
mixture of two normal densities: f(y;) = pé(yi|p1,0?) + (1 —
p)o(yilpz2,03). The variances o2 and o3 are not assumed to be
equal, because the two humps in the histogram of the log values
represent clearly of different variances. That is, it appearsthat the
two standard deviationsare different by more than afactor of two.
The y;’s are independent of one another in this model.

The prior distribution for p is a Beta(o, 3,) distribution. The
values of a,, and (3, are set equal to 0.5 for work reported in
section 4. The prior distributions for (i1, 07) and (2, 03) are
Normal-Inverse Gamma distributions. That is, 114|p04, 07, kg ~
Normal (po4, 02 /kg) and o ~ InverseGamma(a,, 3,), for g =
1,2. Thevalues of oy, and 3, for g € {1,2} areset at 3.8. The
prior means o1 and g2 are set equal to a value near the center
of the y;-values. The prior scale factors «; and ko are set equal to
0.5. The prior distributions on p and the two mean-variance pairs
are independent of one another. Discussion of the choice of the
Inverse Gamma prior distribution for the variance components is
presented in sections 4 and 5.

The average soil loss due to wind erosion in tons per acre
is Zﬁil x; /N, where N is the number of points in the entire
state. Some of the z; values are observed, but most are un-
observed by design. The state average can be represented as
(22;cObs®i + 2 icMisTi)/N, where Obs is the set of indices
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of observed values of soil erosion due to wind and Mis is the
set for unobserved values. Under a model with no stratification
or clustering, the expected value of z; when i is an element of
Mis is the mean of the posterior distrubution of the mean of X.
Since the mean of the log normal (i1, o2) distribution is e#+°/2,
the expected value of an unobserved X given model parametersis
peuﬁ-af/? + (1 _p)elt2+0§/2_

The number of indices in Mis is much larger than Obs in this
application. Of the thousands of points in lowa in 2003, over
sixty percent of them had values of zero for soil erosion due to
wind. These points represented about two-thirds of the areaiin the
state. Less than forty percent of the sample points had positive
wind erosion values. These points represented about one third
of the points in the state. Thus, the estimate of the mean wind
erosion in the state is practicaly equal to the posterior mean of
the positive values times the fraction of the state represented by
non-zero points.

The posterior distribution of the parameters in model 1 is it-
eratively simulated as described in the appendix. The iterative
simulation agorithm typicallly is run severa hundred iterations
independently from at least three starting values. In order esti-
mate the mean wind erosion value in the state, one can proceed by
estimating the finite population value at each simulation iteration.
Given the data and one set of simulated parameters, say the pa-
rameter values at iteration ¢, the predictive distribution on the log
scale for the unobserved datais a mixture of normal distributions.
The probability that an unobserved observation has mean 1 §t) and
variance o2") is p®. With probability 1 — p(*), it has the other
mean and variance at iteration ¢. In order to simulate the state av-
erage, one would have to generate tens of thousands of deviates
for iteration ¢ (onefor each unobserved point) and transform them
totheoriginal scale. Thiswould be computer intensive despitethe
fact that it would not be difficult. An aternativeisto simply mul-
tiply posterior mean on the original scale by an appropirate weight
factor. The weight factor in this case isthe proportion of non-zero
observationsin the state. Thelaw of large numbersjustifiesin this
case simply multiplying the posterior mean on the original scale
by the weight factor.

3.2 Modd 2: Pointswithin counties

Model 2 dividesthe pointsinto strata defined by counties. As be-
fore, many of the z;; values are zero, where i (i = 1,...,n;)
indexespointsand j (j = 1, ..., J) indicates counties. The non-
zerovalues aretransformed to thelog scale: y;; = log x;;. Within
counties, the distribution of log positive wind erosion values do
not all have a clear mixture structure. Actually choosing distribu-
tions based on looking at the data in each county is not feasible
on alarge scale. Figure 2 illustrates the variety of empirical dis-
tributions by county with modified data. Note that the means and
variances for the log erosion values have been modified and can-
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not be converted to actual values.

In the current analysis, it is assumed that y;; is independently
and normally distributed with county-level mean 1 ; and vari-
ance o2. Future work will examine distributions within counties
(strata) and segments (PSUs) in more detail. The distribution of
wj forj =1,...,Jisnormal with mean 1, and variance o2 / k.
The prior distribution on o2 is an Inverse Gamma(c, 3) distribu-
tion. The vaue of « is3 and 3 is 4. Thus, the prior mean and
variance of o2 are 2 and 4, respectively. Estimates computed with
other hyperparameter values did not differ significantly from those
produced with these choices of « and 5.

The prior distribution on «¢ is a Gamma(«y, o) distribution.
The values chosen for ay and 3y are both 2, sot that the prior
mean and variance of k( are 1 and 1/2, respectively. The density
functionfor o isapriori flat. That is, it isnot an actual probabil-
ity density but is expressed as p(u) o 1.

The estimator of the state-wide mean is analogous to the esti-
mator used with model 1 except that the population is divided by
counties and a mixture model is not used. The overall state aver-
age can be expressedas 37, (Xic0bs, is + LieMis, ¥ii)/N,
where Obs; are the indices for the sample in county j and Mis;
are the indices for the unsampled points. The posterior mean in
county j for the unobserved data is eHs+o”/2  Within counties,
the number of sample pointsis reasonably large, so that using a
weighted combination of means does not differ appreciably from
simulating the unobserved data within counties.

An extension of model 2 is to allow unequal variances for
measurements within counties. That is, yi; ~ N(u;,07), i =
1,...,n5,j5 =1,...,J. The posterior mean in county j for the
unobserved data for this caseis e/ 775 /2.

The Gibbs sampling for model 2 is given in the appendix.

3.3 Modd 3: Pointswithin PSUs

Model 3 is the same as model 2 expect the points are grouped
by PSUs rather than by counties. As aresult, there are far fewer
points per PSU than per county. There are 99 counties in lowa,
but many times this number of PSUs. About two thirds of the
counties and one third of the PSUs contain points with positive
soil wind erosionvalues. Therewere between two and three points
on average per PSU in the state. Model 3 was fit with only the
equal variance model due to the large number of PSUs.

Model 3 was also fit to the untransformed positive data (v ;;'S)
for purposes of comparison to results using the log scale values
(ys;'s). The hyperparameter values of o and 3 were adjusted to
reflect amore appropriate range of valuesfor the data on the orig-
inal scale. Discussion of theimpact of the log normal distribution
and the transformation are discussed in sections 4 and 5.

The Gibbs sampling algorithm for model 3 is the same as for
model 2.
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3.4 Modd 4: Pointswithin PSUswithin counties

Model 4 is a hierarchical model with a distribution of points
within PSUs, a distribution of PSUs within counties, and a prior
distribution on county-level parameters. Due to the small sample
size and concern about the impact of the log normal model, the
positive soil wind erosion values are not transformed in this anal-
ysis. Future work will examine modeling assumptions and model
adequacy.

It is assumed that Tijk (Z = L...,njk, j = 1,...,Jg,
k = 1,...,K) isindependently and normally distributed with
the mean for the PSU j within county & s, and variance o2
One could consider allowing different variances within counties
or within PSUs, but that is not undertaken here. The distribu-
tionof p;, (j =1,...,Jx) isnormal with mean 1), and variance
0?/k1. The prior distribution on o2 is an Inverse Gamma(a, 3)
distribution. The value of « is3 and 3 is 3. Thus, the prior mean
and variance of o2 are 1.5 and 2.25, respectively. Given the num-
ber of parametersinvolved in this model, the prior distribution on
o? was made alittle more concentrated. Future research will study
sensitivity to choices of hyperparameter values. The prior distri-
bution on x1 is a Gamma(«, 8;) distribution. The value chosen
for ay is 6. For 3 it is 4. The corresponding prior mean and
variance of x; are 1.5 and 0.375, respectively.

The prior distribution for puy (K = 1,..., K) is norma with
mean yio and variance o2 /K. A flat improper prior distribution is
placed on pip. The prior distribution on ¢ is Gammawith oy = 8
and 3y = 6 (mean=1.33, variance=0.22).

The estimator of the state-wide mean is analogous to the esti-
mators used with models 2 and 3. The overall state average can be
expressed as Zj_’k(ziEOijk Tijk + ZieMiSjk xik)/N, where
Obs;, are the indices for the sample in PSU j in county &k and
Mis;;, are the indices for the unsampled points. The posterior
mean in PSU £ in county j for the unobserved data, when a log
transformation is not used in the modeling, is simply ;.

The Gibbs sampling algorithm for model 4 can be found in the
appendix.

4 Results

Results are presented for the four models of section 3. Compari-
son results are computed using Stata survey software (StataCorp
20033, 2003b). Inmodel 1, the points are treated like observations
onunitsinthe state. Inmodel 2, the points are observationswithin
strata defined by counties. In model 3, the points are grouped into
clusters defined by PSUs. Model 4 uses the counties as strata and
the PSUs as clusters. Survey sample weights for each point are
calculated in the NRI survey to reflect state and other control to-
tals.
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Table 1. Estimates, standard errors, and intervals for the average
soil loss due to wind erosion per acre on lowa cultivated cropland
in 2003: estimates based on model 1 and on survey design
ignoring clustering and stratification.  Artificial results; not
official NRI results.

Source  Estimate SE = 95%interva Interval type
Stata 17.46 219 (13.08,21.84) Confidence
Model 1 17.92 200 (13.96,22.01) Posterior

4.1 Resultsfor Model 1: pointsin the state

The Gibbs sampling algorithm for model 1 from the appendix was
run from three independent starting values for one-thousandten it-
erations each. After examining plots of parameter values versus
iteration number, the first ten iterations were discarded as an ini-
tialization period. Means of counties and the overall mean (1)
were examined on their original scale. Variances and scale values
(x's) were examined on alog scale. Based on plots of the series, it
is apparent that the Gibbs sampling algorithms quickly converges
to sampling from the posterior distribution of the parameters. Es-
timates after a few hundered and after a few thousand iterations
are amost the same, which suggests that the algorithms have con-
verged. See the appendix for additional discussion of convergence
diagnosis.

Table 1 presents (modified) results for model 1 and the cor-
responding survey design estimate using survey weights. The
statements of results throughout the paper present artificial results
that do not correspond to official NRI results. The statements do
nonetheless illustrate phenomena encountered when fitting mod-
els to real NRI data. Model 1 and design-based estimates esti-
mates of the amount of soil loss per acre due to wind erosion are
about the same. The standard deviation of estimates from the sim-
ulation (recorded in the SE column) is a little smaller than the
standard error produced by Stata. No substantial difference was
noted when modeling at the state level.

4.2 Modd 2results

The Gibbs sampling algorithm for model 2 from the appendix was
run from three independent starting values for nine-thousand iter-
ationseach. Convergencewas monitored asit wasfor model 1 and
as described in the appendix. Plots of parameter values, including
county-level means, and estimates versus the last four-thousand
iterations shows only random scatter about a constant line. This
number of iterationswas much morethan needed for convergence,
because, as for model 1, the Gibbs sampling algorithm quickly
converged.

Table 2 presents results for model 2 and the corresponding
survey design estimate with stratification using survey weights.
These are not actual results, but illustrate what was observed with
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Table 2: Estimates, standard errors, and intervals for the average
soil loss due to wind erosion per acre on lowa cultivated cropland
in 2003: estimates based on model 2 and on survey design using
counties as strata. Artificial results; not official NRI results.

Source  Estimate SE = 95%interva Interval type

Stata 17.46 2.00 (13.46,21.46) Confidence

Model 2 21.26 1.80 (17.62,24.60) Posterior
with egqual variance

Model 2 21.80 1.90 (17.92,25.33) Posterior

with unequal variance

the real NRI data. The estimates using model 2 are higher than
the survey design estimate. One reason this could be happeningis
that the log normal distribution is highly skewed to the right and
the transformed means are especialy sensitive to large values of
wj +0?/2. Gelman et al. (2004, chapter 9) also noted the sensi-
tivity of inferencesto the log normal model assumption. As noted
by these authors, the mean is affected greatly by the extreme tail
of thelog normal distribution. Although anatural choicefor these
highly skewed data, the impact of the distributional assumption
has a del eterious impact on estimation of the mean. Future work
will have to examine modeling alternatives to address this prob-
lem. Karlberg (2000) proposed an aternative for situations such
as the one encountered here and will be studied in future work.
The phenomenon is explored further for model 3 in the next sec-
tion.

The estimate and the standard error under model 2 are higher
with unequal variance than with egual variances. Since the un-
equal variance model introduces several additional parameters
(about two-thirds of the counties had positive wind erosion val-
ues), the standard error result is expected. The higher mean would
be consistent with comments above concerning the log normal
modeling assumption. The hyperprior values for the prior dis-
tribution on variances made more of an impact on the unequal
variance model. Thisis a believable result, because only the ob-
servationsin a county contribute to estimation of the county-level
variance. The standard error of the survey estimator is smaller
than the corresponding value in table 1, which is consitent with
the usual performance of a stratified estimator.

4.3 Mode 3results

The Gibbs sampling algorithm for model 3 from the appendix was
run from three independent starting values for nine-thousand iter-
ations each. Series plots of parameter values and esimates versus
iteration look very similar to those from previous models: very
shortly after initialization there is no apparent pattern other than
random scatter about a horizontal line. Nine-thousand iterations
was many more iterations than necessary.
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Table 3 presents artificial results for model 3 and the cor-
responding survey design estimate with clustering by segments
(PSUs) using survey weights. The model is applied to the data
on both the original and logarithmic scales. The estimates using
model 3 and the logarithmic dataare higher than the survey design
estimate and higher than the estimates for model 2. It appearsthat
theimpact of thelog normal distributional assumptionisgreater in
model 3, which has many more clusters (segments, or PSUs) than
model 2 had strata (counties). Few values in a segment directly
influence the mean estimate within a segment.

The estimate for model 3 using data on the original scale is
close to the estimate using the traditional survey estimator. The
standard error under model 3 (the standard deviation of the simu-
lated estimates), however, is lower than using the survey variance
estimator. Thislower standard deviation results because the miss-
ing data (the points not included in the sample) and their means
were not simulated from an appropriate model. Instead, the ob-
served points were simply weighted to relfect the population total.
The imputation of missing values at the PSU means are reflected
in the weighting scheme. This practice, asis apparent in the esti-
meate, greatly understates variability within the cluster sample.

Two alternative strategies were studied, but details are not re-
ported here. The first generated values for each missing point. If
an observed point was zero, then a number of zero points equal
to one less than the size of the weight for that point were added.
If an observed point was positive, then a number of new points
equal to one less than the weight for that point were drawn from a
normal distribution with mean 1 ; and variance 2. This method,
as would be expected, basically reproduced the results of table 3
using data on the original scale.

The second alternative method, on an individual simulation run,
generated new means for new PSUs to contain the additional pos-
itive wind erosion values. These means were drawn from a nor-
mal distribution with mean ;o and variance 02 /ko. That is, the
value of the new PSU means were effectively imputed for each
simulation run. New observations were then drawn from distribu-
tions with these means and variance o-2. This procedure, simul at-
ing means for unobserved PSUs and values for unobserved points,
generates more variability. Since accurate descriptions of the pop-
ulation of segmentsin lowa were not available to the author, two
points per new segment were generated; this ratio approximates
the average number of positive points per segment containing at
least one positive point in the observed data.

Some additional work was done, but is not reported here dueto
restrictions on releasing information on unpublished NRI results
for 2003. The inability of these simple simulation procedures to
replicate the observed data suggest that the model, and in particu-
lar the equal variance and normality assumptions, are inadequate.
The author currently does not have adequate data on the popula-
tion in order to conduct further work on this simulation. A sim-
ulation considering characteristics from previous waves of data
collection on unobserved segments and points will be considered
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Table 3: Estimates, standard errors, and intervals for the average
soil loss due to wind erosion per acre on lowa cultivated cropland
in 2003: estimates based on model 3 and on survey design using
segments as clusters (PSUs). Artificial results; not official NRI
results.

Source  Estimate SE = 95%interval Interval type

Stata 17.46 245 (12.56,22.36) Confidence

Model 3 21.90 182 (18.26,25.53) Posterior
with data on logarithmic scale

Model 3 17.16 144 (14.25,20.00) Posterior

with data on original scale

in future work.

4.4 Mode€ 4results

The Gibbs sampling algorithm for model 4 from the appendix was
run from three independent starting val ues for nine-thousand iter-
ations each. Series plots of parameter values and estimates ver-
sus iteration look very similar to those of the other models. It is
clear thta the algorithms converge quickly to sampling from the
desired posterior distributions. Table 4 presents (modified) results
for model 4 and the corresponding survey design estimate with
stratification by counties and clustering by segments using sur-
vey weights. As usua in this paper, these are not official NRI
results. The model is applied to the data on the original scale
only. The estimate using model 4 is similar to the survey design-
based estimate, but as with model 3 the variance is less. Again,
the weighting mean adjustment, equivalent to imputing the pos-
terior means within PSUs, leads to an understatement of uncer-
tainty. Future work will simulate missing values to incorporate
the proper amount of uncertainty into estimates.

The second line of results in table 4 presents the replication
variance estimate (Fuller 1998, Kim and Sitter 2003). Thereplica-
ton variance estimator uses replicate survey weights (multiple sets
of replicate weights in the case of the NRI) to reflect the complex
survey design. As is apparent, the replicate variance estimation
method gives an even higher estimate of standard error and wider
confidenceinterval.

5 Discussion and Future Wor k

The four models of section 3 were fit using the algorithms of the
appendix to soil wind erosion data from the 2003 NRI sample of
cultivated crop land in lowa. Modified results are reported that
illustrate patterns of results under the various models and survey
estimators, but no official NRI results are presented in this paper.
It is relatively easy to fit the models, but two issues arise when
doing so. First, the log normal distributional assumption tends
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Table 4: Estimates, standard errors, and intervals for the average
soil loss due to wind erosion per acre on lowa cultivated cropland
in 2003: estimates based on model 4 and on survey design using
segments as clusters (PSUs) and counties as strata.  Artificial
results; not official NRI results.

Source  Estimate SE  95% interva Interval type

Stata 17.46 246 (12.54,22.38) Confidence
Replication variance  2.63  (12.20,22.72) Confidence

Model 4 1751 132 (14.87,20.15) Posterior

with dataon original scale

to inflate estimates, especially when small areas being modeled
had small sample sizes. Alternative modeling strategies should
be investigated. These strategies should be based in subject mat-
ter understanding. One option is to truncate distributions beyond
the upper limit of the soil wind erosion distribution; NRCS sub-
ject matter experts will be consulted about this option. A second
possibility is to explore different specifications of the prior distri-
butions on the variance components, asin Gelman (2004). A third
route is to incorporate methods of Karlberg (2000) and of Maiti
and Slud (2002), Slud and Maiti (2004), Maiti (2004), and Ghosh
and Maiti (2004).

The second issue that arises when fitting the models of this pa-
per is that conditioning on weights produces understatement of
varibility. One strategy for future consideration is simulation of
unobserved means and values. In the case of most large-scale
sample surveys, this could be quite a task, especialy with small
portions of the population included in the sample and numerous
iterations of the simulated output from sampling the posterior dis-
tribution of parameters. Although the goal is not to mimic exactly
the survey design estimates, it is necessary to convince consumers
of the results that the hierarchical modeling produces reasonable
results, especially in casesfor which the consumer islikely to have
some insight. Finally, future work needs to consider assessment
of model adequacy as well as the issues discussed below.

A number of challenges need to be addressed if multilevel mod-
eling is going to be used with NRI data. It will be necessary to
include al statesin the United States and all twelve broad uses of
land (groups of land cover and land use categories) in analyses.
Many outcomes, such as amount of soil erosion due to water and
wind, amount of prime farmland, condition of wetland areas, and
extent of urban land will need to be modeled simultaneously. The
challenge of building and evaluating models for small areas, as
illustrated with the soil wind erosion data from lowain 2003, will
be a significant challenge. Data over mulitple years are available,
and should be analyzed together. Indeed, longitudinal analyses
and the study of trendsin natural resource availability and use are
key uses of NRI survey data. New analyses will have to conform
to past work and maintain historical consistency.
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There are many reasons to believe that multilevel models and
modeling of NRI datawill be beneficial. Effortsto model datacan
help one learn about patternsin the data, which could be useful in
forming hypotheses. Data analysis related to model 1 revealed
a mixture structure in soil wind erosion in lowa. Further work
could attempt to relate the mixture struture to the factors described
in section 2 related to soil wind erosion. Many of the biological
and ecological relationships between factors and erosion will be
similar over time. Efforts to understand them will be useful in
future analyses and in other modeling applications. There are a
lot of data, many variables on numerous segments and points, so
there is an opportunity to fit complex models. The models could
be used for imputation of missing values. Currently, missing val-
ues are filled-in or imputed with donor values. The model-based
imputations could serve as a check on the reasonableness of the
donor-based methods. Even though there are alot of data nation-
wide, there are small sample sizes of land with certain broad uses
in PSUs and in some counties. Hierarchical models tend to shrink
estimates toward common values. This shrinkage effect could re-
duce mean squared errors of estimates at local levels and in small
areas.

Future work will involve expanding efforts to model NRI sur-
vey data. This will include using several states for modeling of
multiple outcome variables over a few years, using point-level
covariate information to predict outcomes, modeling the spatial
relationships among sampling units, and relating segment- and
county-level effects to outcomes. Efforts will be made to model
variables for the purposes of imputing for missing observations
and for intentionally and unintentionally unobserved units. Sub-
ject matter knowledge as expressed by the NRCS technical staff
will be critial to most of these efforts. Future work also will de-
velop checks (Rubin 1984; Gelman, Meng, and Stern 1996) for
model adequacy.
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Appendix: Gibbssampling details

Models were described in section 3. The sections below describe
the Gibbs sampling algorithms used to sample from the posterior
distributions. Experiments were conducted with multiple inde-
pendent seriesin models 1 and 2 to assess convergence of the al-
gorithms (Gelmand and Rubin 1992, Brooks and Gelman 1998).
Simulations did not show multimodal behavior and converged af -
ter afew hundered iterations. Estimates for the four models were
computed based on afew thousand iterations after a“burn-in” pe-
riod and again after a few thousand more iterations. Estimates
under all the models did not change appreciably when additional
iterations were added.

Modd 1: Pointswithin states

Gibbs sampling was used to simulate mixture models parameters

for the positive wind erosion values on the log scale. In order

to sample from the mixture distribution, latent variables z;,i =

1,...,n werecreated. Thevaueof z; isoneif point i isfromthe

first mixture classand 0 if it belongs to the second mixture class.
The Gibbs sampling a gorithm proceeds as follows.

1. Choose initiadl values of unknown parameters. p =
) (0 (0) 2(0) _2(0)
Py T e 01 T,09 0 T

2. Repeat the following steps numeroustimes 7" until the series
of values converges to the joint posterior distribution of pa-
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rameters. At iterationt + 1,¢t = 0,...,7 — 1, the steps are
given below.
(@ For ¢« = 1,...,n, draw a value of z; from

a Bernoulli distribution with probability p;, where
= p(t)¢(yi|/-lf(1t),0'f(t))

B Ol T =)l T )

é(y|u, o?) is the norma density function for a nor-

mal distribution with mean ;. and variance o2 evalu-

atedat y. Let z{"*") bethe drawn value of z;. Compute

ngt-&-l) _ Zy_l (t+1) and n (t+1) — ngt+1) _

where

22;1(1 - Z'EH_I))-

(b) Draw p(+1 from a Beta(cv, + n{'™", 8, + nJ*Y)
distribution.

© Draw o2V from an Inverse Gamma dis-

tribution with parameters «; + n{'"Y/2 and

(t+ ) 2 2 Kln( +
Pitdisi 2z (yi—Tn)? 2+ 5 (Ho1 — 1) m,
Zi:l 2yi/ Z?;l Zi.

whereyy =

Draw o2 from an Inverse Gammadistribution with

parametersas + nlt /2 a0 6, + 27, 20D g -

K 7( +1)
v2)? /2+ (to2— yz)Q%,whereyg Yo (1=
i)Y/ Zi:l(l - 2i).
(d) Draw {"*Y from a norma distribution with
no () (t+1)
mean (3, i+ Kipor)/(n + K1)

=1 L
= "7 + kapor)/(T + ky) and variance
2(t+1 (t+1
/i 4 k).

Draw M(Hl) from a normal distribution with mean

i (1 — (t+ ))y2 + HQM()Q)/(TL(;H) + ko) =

(15 g+ l‘ézuoz)/(n(QH) + ko) and variance

3“*”/( S 1 k).

The mixture classes were well-separated as noted in section 2.
The mean p; on the left was initialized below zero, whereas the
mean pi2 on theright was above zero. In four thousand iterations,
the value of 11, was alwaysless than the value of 5. Technically,
the labels on the classes (111 corresponds to the small mean, pio
to the large mean) should switch if the series of simulated values
isto travel throughout the parameter space. It was judged in this
case that the likelihood of a switch is extremely low given the
separation of the two modes and the large sample sizes around
each mode.

Modd 2: Pointswithin counties

The steps for estimation of the model 2 with equal variances are
given below. Intheideal case, al unknown parameters would be
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drawn at once conditional only on the observed data and indepen-
dently of previousdraws of paramters. At the other extreme, one
parameter would be drawn at a time conditional on al the other
current parameter values and the data. In the version of the al-
gorithm given here, sets of parameters are drawn together. First,
o? and the county-level means {y;,7 = 1,...,J} aredrawn to-
gether. Second, ¢ and po are drawn together. This formulation
of the algorithm should produce draws that are less dependent
across iterations than an agorithm drawing one parameter value
at atime.

1. Choose initia values for unknown parameters: ugo), j =

g, 020 u(()o), and H(()O).
2. Repeat the following steps numeroustimes T until the series
of values converges to the joint posterior distribution of pa-

rameters. At iterationt + 1,¢t = 0,...,7 — 1, the steps are
given below.

(@ Draw o2(*+1) froman Inverse(lzammadistri butionwith
parameterSaJrn/Q and B+ 75 Vi (=) 2+

J
Z] 1 Lnfom (No —y]) /2.

(b) For j = 1,...,J, independently draw 4!'"" from a
normal distribution with mean (n ;7 + u((f)/fff))/(nj +
k) and variance o2+ / (n; + k).

(¢ Draw ™" from a Gammalay + L3,
Bo + S (uY — D)2 /(26204D)) - distri-

bution, where g(*+1) = Z'f u (t+1>/J

(d) Draw p{"™ asNormal (), o2t+1) /(Jk

S

When variances within counties are unequal, step 2 is modified
asfollows.

2. (a) Forj=1,...,J, independently draw o >"" from an
Inverse Gamma distribution with parameterSa +n;/2

n; H/JK(()
and B+ > ;7 (yij — /2+ +(>( —7;) 2/2.
(b) For j = 1,...,J, independently draw 4!""" from a

normal distribution with mean (n.,;7; +ud! ) kD)) (n;+

k) andvariance o2V /(n; + ().

(¢ Draw ™Y from a Gammalay + L3,
fo TG - ER/(0) )
distribution, where ity -
(S 0103 0) 1 (5 103 0)

(d) Drazv uft“) as Normal (z(*+1),

(t+1 (t+1
(e mg ™ /a .



ASA Section on Survey Research Methods

Modd 3: Pointswithin PSUs

The Gibbs sampling agorithm for model 3 is the same as for
model 2. Theindex j (j = 1,...,J) in model 3 represents PSUs
rather than counties.

Modd 4: Pointswithin PSUswithin counties

As in the Gibbs sampling algorithm for models 2 and 3, some
of the parameters are drawn in sets. The sets are {02, ujx, k =
1,....K,5 = ].,...,Jk}, {Hl}, {,Ll,k,k = ].,...,K}, and
{1‘607#0}-

1. Choose initial values for unknown parameters: ug.(,?,k =
Lo Kj=1,.. 0 gk = 1,..., K, 02, 40,
kO, and 5 ©.

2. Repeat the following steps a large number of times 7" until
the series of values convergesto the joint posterior distribu-

tion of parameters. At iterationt + 1,¢t =0,...,7 — 1, the
steps are given below.

(@ Draw o2(**1) from an Inverse Gamma distri-
bution with parameters o« + n/2 + K/2 and

K Jk n; _
B+ Do ih Yili(gr — Tw)?/2 +
K T et t _
Zk:l Z k jkR] (Mé) _ xjk)2/2 +

J=1 Tij-FHgt)
K
my) e () — g)?/2.

(b) Fork=1,...,K,j=1,...,Jk independently draw
pli ) fromanormal distribution with mean (n ;1,71 +
ug;n(f))/(njk + £\ and variance 021 /(nj), +
ki)

o) Draw «'*" from a Gamma(e; + P 5, +

1 2
S S (Y — )2/ (2020+0)) distribution,

j=1
wherenpsy = Y4, J is the number of PSUs.

(d) For k = 1,..., K, independently draw
p*Y from a normal distribution with mean

(TR + R ug) T+ k)
and variance o2tV /(x"TV g 4+ kD), where
Rt = ZJIAZI M%jl)/Jk-
(@ Draw x{™ from a Gammalao + 7L, By +
S (I~ D)2 /(96241 distribution,
wherep(t) = 2K 0D ) e
(f) Draw u§*" asNormal (71, 620+ /(K ki ).
If model swith unequal variancesin the counties or the PSUs were
used, then the above algorithm for model 4 would be modified in

amanner analogousto the variation in the algorithm presented for
model 2 with unequal variances.
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Figure 2: Histograms of positive soil wind erosion values on cropland in six lowa counties in 2003, log scale, modified scales. The
histograms do not represent sets of actual data values, but some counties do have histograms with similar patterns.
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