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ABSTRACT OF DISSERTATION

SMALL AREA ESTIMATION

Small area estimation techniques with survey data are now widely being investi-
gated in an increasingly crowded field. In forestry, on-the-ground inventories could
collect very intensive grid informr- .on, but this is costly. Therefore, utilizing the
low-cost auxiliary information from remote sensing sources such as Landsat The-
matic Mapper (TM) or topographical (Topo) information is preferred. Since the
data is spatially dependent, it is crucial to develop procedure;s that combine the
existing small area methods with spatial models. In the thesis, the following meth-
ods are proposed using transformed and untransformed data: spatial multivariate
(MV) distributions on transformed data, spatial zero-inflated exponential (SZIE)
models, spatial zero-inflated gamma (SZIG) models, spatial zero-inflated Poisson
(SZIP) models and spatial zero-inflated negative binomial (SZINB) models. The
spatial zero-inflated models are designed to accommodate the excessive number
of zeros among the data. Further, the ancillary data is incorporated into simple
spatial multivariate models, called spatial multivariate regression models. The
comparison of the result from spatial multivariate regression models with gen-
eral linear models (GLMs) and the Most Similar Neighbor (MSN) procedure was
provided. Making predictions for non-sampled locations is also a subject of this
study. In this thesis, a method for predicting an individual plot response at a non-
sampled site on the 0.85-mile grid is determined, based on untransformed data

and based on transformed data. Also, predictions for individual plot locations
11
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and several simulations designed to yield realizations similar to the available data

were investigated to see the reliability of mean squared prediction errors proposed.

One focus of this thesis is on modeling spatial dependence of the data for
Siuslaw National Forest. The plot data used in this study is 1.7-mile lattice data;
however, there is subplot data as close as 40.8 meters. Basically, there is little
spatial dependence between plot data, but sufficient spatial dependence at the

subplot level to be useful in predictions.

For spatial models without dealing with numerous zeros in our data, sim-
ple spatial multivariate model are considered for transformed data. Moment and
maximum pseudo-likelihood (MPL) estimations are used. To obtain MPL estima-
tors, the normality assumption is made. Such models can only make predictions
for plots on the 1.7-mile grid. Best linear unbiased predictions (BLUP) are de-
signed to make predictions for plots on shorter distance grids. BLUPs based
on untransformed and transformed data for non-sampled sites are given. Sveral
back-transformed predictors are compared to BLUPs based on untransformed
data. Such predictions for non-sampled sites on 0.85-mile grid points were ex-
plored using distance-based correlation functions. The mean squared prediction

errors (m.s.p.e.s) of the predictions are also provided.

To deal with zeros and non-zeros separately, spatial zero-inflated (SZI) models
are proposed. Moment estimators for the directional mean parameters are given.
Several predictions rules based on spatial zero-inflated models are also provided.
Such spatial zero-inflated models cannot make predictions for non-sampled plots
on the 0.85-mile grid. The performance of different models in this study have
been compared. Spatial multivariate regression models incorporating auxiliary

information did not show improvement based on reduced mean-squared errors.

iv
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For those prediction rules which do not have a simple closed form for their mean

squared prediction errors, mean-squared errors are compared via sirnulations.

Jin-Mann Lin

Department of Statistics
Colorado State University
Fort Collins, Colorado 80523
Spring, 2003
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1. INTRODUCTION
1.1 Background

In recent vears there has been an explosion in the amount of data collected in
forest surveys. Data collected in these surveys can be used to estimate parameters
for the areas, or strata, which were planned for in the survey design. With addi-
tional information from related variables estimation for small areas, or substrata,
which otherwise would yield either no estimate at all or estimates with very large
variances, can be attempted. Small area estimation techniques with survey data
are now widely being investigated in the forestry literature to predict conditions at
unobserved locations. On-the-ground inventories could collect very intensive grid
information, but this is costly. Therefore, an alternative approach is to produce
a map by interpolation from the sample data to other grid locations or ideally to
construct a map for an entire area. The survey estimates for small areas are likely
to have large prediction errors. Since there often is low-cost auxiliary information
from remote sensing sources such as the Landsat Thematic Mapper (TM) or ge-
ographical information, we can utilize this information to improve estimates by
classifying the similarity between sampled locations and locations of interest in
ouf investigation. The small areas of study are 1-hectare plots (primary sampling
units) in the Siuslaw National Forest. The key points of this thesis are first to
find an "appropriate” prediction model to fit the data without considering the
possibility of many zeros; second, to obtain reliable estimated errors of individual
plot predictions; third, to handle zero outcomes and non-zero outcomes separately

and to find an "appropriate” prediction model to fit the data with the nature of
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many zeros; and to assess the improvement in mean-squared-error (MSE) due to

considering large number of zeros in the data.

1.2 Study Objectives

The overall objectives of this study are

(1) To predict total number of live trees (Lt), total number of dead standing trees
(M) and total basal area (Tha) on non-sampled 1-ha plot on a 0.85-mile grid
in the Siuslaw National Forest based on observations on a 1.7-mile grid of
sampled plots. Those non-sampled plots are located between the 1.7-mile

grid plots measured in the Forest.

2) To predict the seedlings variable such as total number of live small trees or
g

seedlings (Lt;), total number of dead small trees or seedlings (M,), and

total basal area of secedlings (Tha,) using the model modified to separate

zero outcomes and non-zero outcomes.

(3) To determine reliable approaches for error estimation in the predictions in
(1) and (2) based on the untransformed data (original observations) and

transformed data.

(4) Recommend whether such methods should be used by Forest Inventory and

Analysis (FIA) and the National Forest Service (NFS).
(5) Recommend follow up research and data collection techniques as needed.

1.3 Thesis Outline

This study is organized into the following chapters. Chapter 2 presents a
literature review of small area statistics, most similar neighbor. model selection,

sample reuse, zero-inflated models and fuzzy coordinates. Chapter 3 describes
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the data preparation and data summarization for ground data. satellite data and

photo-interpreted data. None of the univariate and bivariate descriptive tools can

capture the spatial feature for the data which belong to some location in space. In |
this chapter, data posting was used to describe the spatial feature and also sample

correlations among the data were calculated. Such routine data analyses show the

potential for spatial information in the plot data. Since distance-based correlations

are intuitively plausible, we checked if there is a stronger spatial dependence for

short distance lag, i.e. spatial dependence among subplot data.

Chapter 4 develops the methods for spatial models without auxiliary data. In
this chapter we start with simple spatial models which regress the forest variables
of interest on themselves with spatial dependence and which follow a multivariate
distribution. The Siuslaw N.F. data is spatially a rectangular lattice with holes due
to plots on the road, being located in non-forest areas, or because of inaccessibility,

vso we consider rectangular lattices with and without holes in this chapter. We
discuss two parameter estimation methods: moment and maximum likelihood
estimations (normal assumption is needed for the later estimation). In general,
simulation studies for each model are examined as well as real data.

Chapter 5 investigates predictions of response variables at non-sampled plots
on a 0.85-mile grid based on the observations at sampled plots, 1.e. fill-in pre-
dictions or interpolations. Linear combinations of the observations are used, i.e.
linear prediction. and minimization of mean-squared error (MSE) leads to the clas-
sical best linear prediction (BLP). Since our data are not normally distributed,
transformations to normality are investigated. The 3-parameter lognormal trans-
formation works well for all of mortality (M), number of live trees (Lt), and total
basal area (Tha) data. We fit the distance-related autocorrelation function to
the untransformed data (the Y scale) and the transformed data (the Z scale).

For correlation function fitting, we consider the direct fitting to the Y scale and

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



indirect fitting to the Z scale. Then the predictions for non-sampled plots can
be obtained by the predictions based on the Y scale or back-transforming the
predictions based on the Z scale. The predictor is no longer a linear prediction
after the back-transformations on the 7 scale. In the last subsection, we conduct
several simulation studies to assess the performance of prediction equations based
on plot and subplot based data. Cross-validation is used for the performance of
prediction equations based on the Y scale and the Z scale.
A detailed description of the methods for spatial zero-inflated data are pre-
" sented in Chapter 6. Transformations to normality did not change the property
of numerous zero outcomes in the data. Instead of doing transformation on them,
we handle the zero and non-zero values separately. In this chapter, we propose
spatial zero-inflated models to deal with the large number of zeros in the data.
For count data, we study spatial zero-inflated Poisson (SZIP) models and spatial
zero-inflated negative binomial (SZINB) models which are mixture models with
one component degenerate at zero and the other components having a Poisson or
Negative Binomial shifted to start at one. A Poisson distribution possesses the
property of equal mean and variance. Through mixing several Poisson compo-
nents, a SZIP model is more dispersed than a standard Poisson distribution. This
chapter also investigates alternative models, spatial zero-inflated negative bino-
mial (SZINB) models with an additional parameter relative to SZIP models. For
continuous data, we introduce spatial zero-inflated exponential (SZIE) models to
capture the phenomenon of numerous zeros in the data and alternative models,
spatial zero-inflated gamma (SZIG) models. We will use moment estimation for
each kind of models.
Chapter 7 adds the auxiliary data to the models which were introduced in
Chapter 4. This chapter includes a comparison of the results for spatial regression

models, with the ordinary linear regression models and most similar neighbor

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



procedures. In Chapter 8, prediction is studied using the spatial model with
auxiliary data.

Finally, Chapter 9 summarizes the results and offers suggestions for future
research including spatial cross validation, location perturbation models, Bayesian

inference, and spatio-temporal models.
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2. REVIEW OF LITERATURE

Improved estimation for small areas, also called small domains, can be done
in three ways. First, small area estimation, second, additional sampling with
regression estimation (sampling covariate information on non-sampled locations),
and third additional sampling in the area (measuring a finer grid, such as sampling
on a 0.85 mile grid rather than the current 1.7 mile grid). The last two usually

involve considerable additional expense so we focus on small area estimation.

2.1 Small Area Statistics

Consider a large area, divided into several small areas. Domains are sub-
populations of interest in a survey and small domains are also called small areas.
The socio-demographic areas are often classified by gender, age, ethnicity, income
class, etc. Small areas can be areas such as regions, states, counties, or forests
or even primary sampling units (PSU) in forestry. Small areas may be sampling
strata, but often are not. Small areas are small so the sample size in them may
be small or even zero.

All small area estimation techniques use model-dependent estimators (Kalton
1987). All can be considered special cases of either linear or non-linear regression.
For example Dalenius (1987} noted that synthetic estimation is just a special
case of regression estimation. Dalenius believes that the mean square errors for
individual area estimates is useful in assessing the reliability of predictions but not
the average of those over a series of areas since that can hide some awful truths

for certain areas. Reliable prediction errors for individual plots are needed. To
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examine this point closely, we use several techniques to estimate the prediction
errors for each plot and the prediction errors for the Siuslaw Forest. For small area
estimation, the use of auxiliary information is likely to be severely restricted by
the available data. If the auxiliary variables are only weakly correlated with the
variable of interest. the estimates for all small areas will be close to one another
and may not reflect the true variability in the population parameter estimates so
the quality of the estimates are likely to be highly suspect. Also, there is a concern
that the definitions of auxiliary variables used for the small area estimation and
in the overall survey are not always consistent.

Kalton (1987) advocated that a cautious approach be used in generating
small area estimates especially when published by government statistical agencies.
Such estimates need to be clearly distinguished from conventional sample-based
estimates. This is why the term "synthetic” estimates was coined.

Malec et al. (1997) examine small area inferences for binary variables in the
National Health Interview Survey (NHIS}. Although the NHIS sample size is very
large, estimates were needed for 3000x72 subpopulations. Using cross-validation
they showed that hierarchical Bayes estimates provided satisfactory inferences
for parameters relative to empirical Bayes and especially randomization-based
estimates. They note that synthetic estimates ©, for subpopulations within each
of the 51 geographical areas, are not variable enough to be plausible. Empirical
Bayes methods would work well for larger sample sizes.

Ghosh and Rao (1994) is one in an extensive series of review articles on small
area estimation and a very good one. Of the classes of estimators they discuss,
we consider the following attractive ones for estimation of the above parameters
for a small area:

a. Direct Estimation
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Direct estimators use data only from the study units in the small area and
time period of interest. Direct estimation is design unbiased or asvmptotically de-
sign unbiased (ADU). It includes standard survey estimators like Horvitz-Thompson,
Hajek, and ratio estimators. Direct estimation is not reliable if the sample size is
extremely small.

b. Modified Direct Estimation

Modified direct estimators use data from outside the small area and/or time
period of interest and implicitly use some statistical model. This estimation Is
model-assisted and remains design unbiased or ADU. Also, it could include survey
regression estimators with slope coefficients estimated for auxiliary variables from
all data. If sample size is not too small and good auxiliary information is available,
then modified direct estimation may be reliable.

c. Indirect Estimation

Indirect estimators use data from outside the small area and/or time period
of interest and explicitly use some statistical models to "borrow strength” across
time or space. Generally, indirect estimation is not design unbiased or ADU.
Indirect estimation may be OK if good auxiliary information is available and the
model is correctly specified.

d. Synthetic estimation (indirect estimation approach)

A synthetic estimate for each small area is calculated by weighting and sum-
ming the estimates from each class of the small area. Such estimation techniques
assume that small areas have the same characteristics as a large area for which
an unbiased estimate 1s available, and use this estimate to derive estimates for
the small areas. Also, auxiliary information correlated to the variable is studied.
The higher the correlation, the better the estimate. As an example, we partition
the population into large subpopulations ¢ and assume that auxiliary informa-

tion in the form of totals, X;,, small area i, subpopulation g, is available. A
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synthetic estimator of the small area total for area 7 is: V. = Eg(Xig / X‘g)f/ﬁg.,
where }A’fgﬁs are direct estimates. If the model assumption holds, synthetic esti-
mation borrows strength from the larger area across time. Synthetic estimation
is sometimes synonymous with "model-based prediction”. Unlike in regression
estimation, we don’t have to clearly specify models. Such methods have been
used traditionally because of simplicity, applicability to general sampling designs,
and potential of improved accuracy in estimation using information from similar
small areas (Ghosh and Rao 1994). Synthetic estimation is satisfactory if good
auxiliary information is available and the model is correctly specified.
e. Composite Estimation

This technique attempts to balance the potential bias of a synthetic estimator
against the instability of a direct estimator, by weighting them. A direct estimator
1712- and an indirect estimator }A/;)i are combined to yield the composite estimator

of total (¥; = 3 _V,) of small area 1 :
VE = w;Yii + (1 — wy) Vs,

where w; is a suitably chosen weight (0 < w; < 1). If weights can be obtained
objectively, this approach has the virtues of simplicity, applicability to general
sampling designs, protection against estimation bias, and potential for improved
accuracy. The choices for w; can be some ad hoc weighting, James-Stein shrinkage
rule, or w; derived from small area models. The problem is that weights are usually

subjective.

2.2 K-nearest Neighbor Methods

In forestry, considerable work is going on now in small area estimation, with
much of the impetus provided by research in Finland. Multiple imputation meth-

ods (including regression models) and k-nearest neighbor techniques have been
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proposed for continuous variables. In k-nearest neighbor techniques, field sample
information is propagated to the entire population using a similarity function. In
multiple imputations for each unit without sample data, a series of { predictions
are made using randomly selected data with an underlying model and database.
Then the data sets are analyzed separately and pooled into a final result, usually
an average of the results.

Tomppo (1991) and Tokola et al. (1996) first classified pixels with field data
to update categorical variables. The method relies on spectral distance using
a Buclidean distance function between pixels on satellite imagery from pixel p
for which the prediction is to be made to each pixel for which ground truth is

available. Then the estimate for ground variable m for pixel p is:
k
y = Y w(j,p) m{j,p)
g=1

where the w(j, p) are distance-related weights and m(j,p) are the values of m in
the k£ closest spectrally related pixels. Then classifications are imputed as the
mode or nearest class (Franco-Lopez 1999).

Tomppo et al. (1999) modified and tested the Finnish satellite image-aided
National Forest Inventory to develop a preharvesting forest inventory method to
assess the volumes of potential log products in New Zealand Pinus radiata D.
Don plantations. Data from 188 ground plots for a 1000 hectare block of radiata
pine was combined with known stand boundaries from maps and data from a
Landsat TM image to predict for each pixel and stand the pruned and unpruned
sawlog, pulp and total standing volumes using a k-nearest neighbor algorithm,
which calculates the estimates by weighting the values of k nearest neighbors with
a FEuclidean distance function. Some stand characteristics based on stand histories
were also used as covariates as well as spectral characteristics from the TM. All

estimates appeared to have low bias (2-3 %) but with high mean square errors (up

10
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to 34 % for pixel-level pruned volume predictions). They indicate that the high
mean square errors will be much less for larger areas according to earlier studies.
Note however that the stands and plots are probably homogeneous, presumably
they did not deal with plots falling in different conditions.

Franco-Lopez {1999) reviews methods for projecting and propagating forest
plot and stand information. As he notes, considerable effort has gone into com-
bining forest monitoring information, remote sensing, and geographic information
systems (GIS) to develop maps for forest variables such as cover type, stand den-
sity and timber volume in the Nordic countries with emphasis on the k-nearest
neighbor technique. The cross-validation estimator of overall accuracy (OA) ap-
plying the nearest neighbor only for cover type using weighting parameters and
200 bootstrap samples, the cross-validation estimator was 0.4745 and the boot-
strap .6321 estimator of OA was 0.5211 where OA = 1 — Err and the mean of
errors, Err = 3" (y; — ¥i)/n. with y; and g;, the actual and predicted dichoto-
mous responses, i.e. does y belong or not to class ¢. These results may seem poor,
but the OAs for cross-validation and bootstrap .632% did not improve much as
the number of neighbors increased up to 15. Thus they are fairly representative
of the type of results obtained by other methods in this region. This kind of
bootstrapping methods is problematic. The k-NN methods that he used predicts
the future observations using neighboring observations with proportional distance
weights. But the bootstrapping approaches used in his study resampled the i.i.d
observations without preserving the spatial dependence among the neighboring
observations.

There are two ways to compute the distances among neighbors, Euclidean
and Mahalanobis distances. Moeur and Stage (1995) proposed a different ap;
proach, most similar neighbor (MSN) inference, by bringing in information about

the indicator attributes to define the similarity function. When the complete infor-
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mation about a landscape cannot be collected, data are usually collected through
multiphase sampling. They focus on two-phase sampling data. The first-phase
attributes can be observed economically from maps or by remote sensing of the
entire area characterized by indicator attributes, e.g. topographic characteristics,
crown coverage by vegetation type, and canopy height. The second-phase sample
provides more detailed information about important design attributes-say, a de-
tailed stand inventory, census of bird species, or estimate of sediment production.
Moeur and Stage diagramed the partioned data matrix as

Y(nxr) Z (nxg)
X (wxp)

Tif(N—n)W Z(N--ﬂ)xq
where Y .y and Zpy, are the observed and derived design attributes, ‘)A[(N_n)xr and
Z(N_.n)xq are the design attributes to be estimated, and Xy, is the observed in-
dicator attributes. The upper matrix parcels correspond to second-phase samples
for which both X and Y are known; the lower matrix correspond to first-phase
attributes, those for which only X is known. Also, Moeur and Stage defined the
derived design attributes Z of dimension (N x q), as the elements of a one-to-one
mapping of Y, a subset of them, and/or functions of them particularly relevant
to the response of the models — e.g., if Y are the basal areas for r species, then
Z might be the basal area of the major or minor species. Similarity is defined
using the relationships of Z to X and the similarity function is developed using
canonical correlation analysis. There are six steps in the MSN analysis. Once
the indicator and design attribute data are set up, software developed by Moeur
and Stage can be used to perform the canonical correlation analysis, calculate
the set of most similar neighbors, and compute summary statistics for the MSN
estimates. The most similar neighbor technique is basically a stratified procedure
where each non-sampled plot is classified into the same stratum as ‘similar’” sam-

pled units. This inference procedure falls into the KNN procedure, considering

12
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k = 1. A disadvantage of MSN is that the imputed values for unmeasured plots
are the values of the most similar neighbors, so the predictions were limited to
the range of the observations in the original sample.

Moeur and Hershey (1998) applied the following procedures for interpolating
forest inventory data across the landscape: (1) geostatistical simulation (GS), (2)
Most Similar Neighbor sampling inference (MSN), and (3) combined MSN-GS
approach. They investigated the performance of the MSN predictions using FIA
observed sample values and their predictions obtained by choosing the second
most similar neighbor to the FIA data, the most similar being the plot itself.

The study most similar to this one is described in Moisen and Edwards (1999).
They used generalized linear regression models to predict forest type and timber
volume in the northern Utah mountains using predictor variables that include el-
evation, aspect, slope, geographic coordinates, and vegetation cover types derived
from Advanced Very High Resolution Radiometer (AVHRR) and TM satellite
data. The relative precision of estimates of area by forest type and mean cubic
foot volume was assessed using six models including the standard double sampling
for stratification used by the FIA unit. Model predictions were also compared by
assessing various map accuracy criteria. The models used were standard dou-
ble sampling for stratification with 6 strata, stratified random sampling with 9
AVHRR strata, stratified random sampling with 29 TM strata, generalized regres-
sion models called Topo which uses elevation, aspect, slope, and UTM coordinates
as predictor variables, Atopo using AVHRR as well as the Topo predictor vari-
ables, and Ttopo, using TM and the Topo predictor variables. F or area and mean
cubic foot volume estimation, the use of photo interpretation (PI) or TM based
data for stratification were only slightly more precise than the others, while models
using topography and spatial coordinates alone were competitive. For mapping

accuracy, the model including TM-based vegetation was the best one while to-

13

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



pography and spatial coordinate models provided substantial information at less
cost. The field plots at the time of data collection were rotated into the condition
of the center of the plot so that the issue of mixed condition plots did not arise.
The authors note that topography and geographic position are highly correlated
with certain ecological processes so that the distribution of vegetation and pre-
cipitation is primarily a function of elevation, latitude, and storm patterns from
the west and the Gulf of Mexico with local effects due to slope exposure and/or
aspect.

Kangas (1996) assessed the applicability of several small area estimation tech-
niques in some forestry applications. He stressed that improved estimation can be
done by utilizing additional information from areas adjacent to the one of interest
and that better estimates can be made with improved covariate information. At
the same time bias is injected using such information from adjacent areas and
the bias is also affected by the independent variables used. The more reliable the
model is used, the smaller the bias will be. However, a model can at best capture
the main features of the variability encountered and the soundness of the inference

depends on its validity.

2.3 Zero-Inflated Models

Real data can display overdispersion through an excess of zeros and transfor-
mations to normality can not change the property of a large number of zeros, so
zero-inflated models are commonly used to deal with such kind of data.

The idea of adjusting the probability of zero outcomes for Poisson distribu-
tion was developed by Johnson and Kotz (1969, pp. 204-206) and termed the
Poisson with zeros (PWZ) distribution. Other names for these distributions are

"inflated” (Singh, 1966; Pandey, 1965) and "pseudo-contagious” Poisson distri-

bution {Cohen, 1960). Winkelmann (2000) gave a good introduction for inflated
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models, including zero-inflated, one-inflated, and zero-and-one inflated models.
McLachlan and Peel (2000) discussed mixture models for discrete and continuous
data. In their book, they labeled a mixture model with a degenerate and other
non-degenerate components as a nonstandard mixture model.

If Y; follows a standard "zero-inflated” Poisson (ZIP) model, then Y; can be

expressed as

Y; = Dy(l— B;)+ P/ B; = P B;

2

where Dy = 0, the B;’s are independent Bernoulli random variables with mean p,
0 < p <1, and the P/’s are Poisson with mean parameter A.

It’s unlikely to get a closed form for the maximum likelihood estimators
(MLE) of A and p. In Fong and Yip (1993), an EM-algorithm is proposed to
estimate the parameters for a mixture model of two discrete distribution compo-
nents including Binomial, Negative Binomial and Poisson.

Lambert (1992) proposed that p and A depending on covariates forms the

basis of the zero-inflated Poisson (ZIP) regression framework. In ZIP regression,

the responses Y = (Y1,...,Yy) are independent and
Y — 0 with probability 1 — p;
* 7 ] Poisson{);) with probability p;

and the parameters A = (Ay,... ,An) and p = (p1, ..., pn) satisfy
log(A) = X
logit(p) = log(p/(1 —p)) = G~
for covariate matrices X and G.

2.4 Fuzzy Coordinates

Since location in the field is the main relational feature of spatial models,

accurate information on location in any inventory effort is critical. It is possible
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that we would like to observe total basal area (Tha) at plot ¢, while in fact we
observed Tha at somewhere else. This is known as misregistration error. The
misregistration error could happen in both ground data and satellite data. Con-
sidering a four direction perturbation, an observed value at plot 7, in fact, could
be the value at one of four locations east, west, south, or north of plot 7.
Observations on this process are made under possible perturbations in the
locations. These perturbations can be a stochastic process, say {5, s,)}. The
experimenter hoped to observe {Y(, ,,)} intending to make inferences regarding
some model for the process {Y{;, s,)}, but observed the process at location {5, s,)}
instead of (s;,s2). The objective is to study the loss in information in observing
the location perturbed process rather than the Y-process. For example, a four

direction perturbation {S(, s,)} process can be is defined by

{Sis1.5) = (51,52) with probability (w.p.) po,
= (81— 1,85) w.p. p1,
= (s1+1,s2) w.p. pa,
= (81,82 — 1) w.p. ps,

= (s1,82+1) w.p. pa,

where 0 < p;’s <1 and > p;=1.

For a one-dimensional process, Lin (1996) found perturbation models {S;}
satisfying some conditions such as #-mean which means that the expectation of
{S:}1s t, stationary increments for which the distribution of S,y —S; ouly depends
on increments h, Vi, etc, where ¢t can be time or depth. Analogously, we can find
perturbation models {S(,, ,)} possessing some properties called {s,, s3)-mean and
stationary increments in two-dimensional index.

Brimicombe (1998) introduced a fuzzy coordinates system for uncertainty of

location in space and time. He utilized fuzzy numbers to construct a fuzzy coordi-
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nate system for use in two, three and four dimensions which may be incorporated
within a traditional GIS data structure. Coordinates of easting (E) and northing

(N) could thus be represented in the form:

E(~e’+e), N (=rtn)

where positive and negative signs are taken as implicit. In a two-dimensional
triangular fuzzy coordinate system, the easting and northing coordinates represent
a two-dimensional space and a fuzzy coordinate in a three-dimensional concept.
The third dimension concerns the level of membership pp(z), un(z) of E, N
in ordinary linguistic terms of confidence, belief, certainty or plausibility. Also,
Brimicombe introduced another term expectation, which is similar to the (s, 52)-
mean in the location perturbation scheme. Uncertainty exists both in attributes
and coordinates. Here we are concerned with uncertainty in the coordinates,

referred to as "location uncertainty.”

2.5 Model Selection and Sample Reuse

Predictions and the assessment of prediction errors are often the primary goal
in many area of statistics. A good model ought to fit the data well. The more vari-
ables/parameters are added to the model, the better the apparent fit ought to be.
Model selection aims to balance the increase in fit against the increase in model
complexity. In univariate or multiple regression model, the adjusted R-squared is
the most commonly used criterion of model selection. B? always increases when-
ever a variable is added to the model, and therefore it will always recommend
additional complexity regardless of the relative contribution to model fit. There
are other model selection techniques such as Akaike’s FPE (Akaike, 1969), Mal-
lows’s C, (Mallows, 1973), Akaike Information Criterion (Akaike, 1973, 1974),

one based on the Kullback-Leibler discrepancy. Bayesian Information Criterion
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(BIC, Akaike, 1978), the Schwarz Information Criterion (SIC, Schwarz, 1978),
etc. Hurvich and Tsai (1989) developed an improved small-sample unbiased esti-
mator of the Kullback-Leibler discrepancy, AICC, which is one of the best model
selection criteria in Time Series. McQuarrie and Tsai (1998) pointed out that no
single model selection criterion will always be better than another; certain criteria
perform best for specific model types.

As mentioned in the previous chapter, one of our objectives is to get a reli-
able estimated prediction error for individual plots. When the data are indepen-
dent, the classical jackknife {Quenouille, 1949a, 1956; Tukey, 1958) and bootstrap
(Efron, 1979, 1982) for estimating an error estimate can be used. But it is crucial
that the assumption of independence among the data holds. For spatial data,
generally the data are spatially correlated. Blind application of the classical jack-
knife and bootstrap techniques can be misleading. There are several methods of
bootstrapping dependent data. Hall (1985) provided two principal approaches to
bootstrapping dependent data, based on fixed” and "'moving’ tiles (blocks), called
block bootstrap methods. In the classical bootstrap method, we bootstrap the
i.1.d. observations, but for dependent data we bootstrap the independent spatial
pattern instead. To avoid the difficulties with the block bootstrap method for de-
pendent data, Garcia-Soidan and Hall (1997) suggested an alternative sampling
window approach. In this setting the spatial pattern is not resampled, but instead
is examined repeatedly within a relatively small sampling window, which is moved
to all possible locations within the data set. An estimate of a quantity of interest
(such as distribution or a variance) may be obtained by averaging over locations
of the window. Hall and Jing (1996) have demonstrated this approach for time
series data and showed it is also true for certain spatial processes. Lahiri et al.
(1999) utilized spatial subsampling to predict the spatial cumulative distribution

function. If one makes parametric or semiparametric assumptions about large
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and small scale variation in the data, it is possible to resample the 1.i.d. compo-
nents (Freednab and Peters, 1984; Solow, 1985). This is called a semiparametric
bootstrap method.

Although grid sampling was used in the Siuslaw National Forest, it is a lattice
with holes due to possible plot locations on the road. in the river, or not in the
Forest. No matter what block size we choose in the block bootstrapping, we won’t
get congruent subareas (which each subarea has the same size of the sampled
points). To avoid this difficulty, we utilize a semiparametric bootstrap method
in the study and we compare its performance to a simple bootstrap method.

Cross-validation (CV) is an alternative model selection technique based on data

resampling we used in this study.
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3. DATA PREPARATION AND DATA SUMMARIZATION
3.1 Study Area

The study area is the Siuslaw National Forest. As shown in Figure 3.1, the
Forest is located in the western part of the state of Oregon and extends from Coos
Bay to Tillamock. It consists of 8 counties, and comprises about 0.63 million
acres (0.25 million hectares) administered by the United States Department of
Agriculture Forest Service. The Siuslaw Forest runs north-south with the length
of 135 miles (217 km) and the width of 27 miles (44 km). Elevation ranges from
sea level to 4049 feet (1234.14 m). Established in 1908, the Forest takes its name
from a Yakonan Indian word meaning "far away waters”. In the Forest, there are
30 natural lakes and 1200 miles of anadromous (meaning ascending from the sea or
running upward for breeding referring to the life history of salmon and steelhead)

streams. Major forest types are Big Leaf Maple, Douglas-fir, Red Alder, Sitka

spruce, Western Hemlock, and Western Red Cedar.

3.2  Field Data

A grid sampling strategy was adopted for broad-scale inventory and monitor-
ing of the forests. The grid counsisted initially of a regular square spacing with 3.4
miles (5.47 km) between grid points; but for land management planning, Forest
plan implementation, and monitoring changes in land and vegetation for all NFS
lands excluding wilderness, a more intensive grid of 1.7-mile (2.74 km) was used
ultimately. If the 1.7-mile grid for data acquisition did not meet all the vege-

tation or modeling needs of the forest planning effort, a 0.85-mile grid of 1-ha
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plots was installed. This kind of grid sampling method is often implemented to
explore mineral and fossil fuel deposits in the mining field. In the core drilling,
the larger grid sampling was adopted in small area D, and then the observations
were obtained at locations D, = {si,...,s,} where s;'s denote the locational
indices of the i-th sample point. While we use the finer grid sampling in the same
area [, more and more observations might be sampled in the same area. In this
way, the finer grid sampling we use, the more observations we obtain. The idea
is to infill the more extending sample points between existing points. This kind
of grid sampling is called the infill sampling technique in the drilling problem. In
forestry, the same kind of sampling strategy has been used, but it hasn’t been
termed "infill sampling”.

The field data for the Current Vegetation Survey (CVS) in the Siuslaw For-
est was collected at two 5-year cycle periods, called the first occasion data and
the second occasion data. The first occaston data was collected between 1993 to
1997. The installations for 1-ha plots in the Siuslaw National Forest are listed in
Table 3.1(a). During this period there were numerous changes to field procedures
and plot design such as the 1/20-acre subplot changed to 1/24-acre subplot for
remeasurement at the second occasion. A remeasurement panel consists of ap-
proximately 25% of the first occasion sample units. Originally, a different panel
was to be remeasured every 2 years on each Forest resulting in the entire Forest
being totally remeasured over an 8-year period. Beginning with the 1999 projects,
however, the remeasurement cycle was adjﬁsted to a panel every 3 years with the
total coverage completed every 12 years. The second occasion data hasn’t been
completed, so in this thesis we only study the first occasion CVS data set of the
Siuslaw National Forest. The CVS data for the Siuslaw Forest can be down-
loaded at http://www.fs.fed.us/r6/survey/data_tables.htm. The primary sample

unit (PSU) in the sampling system is a 1-hectare (1-ha) circular plot as shown
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in Figure 3.2. The 1-ha plots were established on a 3.4-mile and a 1.7-mile offset
grid for the Siuslaw Forest. To establish the PSU and to locate positions within
the PSU, stake position 1 representing the center of the PSU is installed first.
Stake positions 2 though 5 are at different cardinal directions, 133.9 feet (40.8 m)
away from stake position 1. If stake position 1 could not be installed. one of the
remaining installable stake positions was used as the PSU reference. When none
of the stake positions are on National Forest land or if all stake positions are on
National Forest lands but are not accessible by foot, a PSU is not established. A
stake position with corresponding subplot représents one-fifth of the PSU area.
Fach 1/5-ha area contains 6 subplots (4 concentric fixed areas and 2 line samples),
as diagramed in Figure 3.2. The stake position is the center of each circular sub-
plot and the starting point of each sample line. Each subplot is installed in the
following order, 1/100 acre, 1/20 acre (2nd occasion, remeasured on 1/24 acre) ,
1/5.3 acre, sample line, and 1/2 acre (one-fifth of the I-ha plot, the corresponding
areas to stake position numbers, as illustrated in Figure 3.3). Information was
collected on 1-ha plots subsampled by 5 subplots of different radii depending on
the size of trees. The concentric subplot sizes and associated diameter ranges are

as follows:

1. 0.004 hectare (1/100 acre) for trees 1.0” to 4.9” diameter breast height
(DBH) which is tree diameter outside bark at breast height of 3.4 inches,
(diameter at a height of 1.3 m (4'3”) on a tree steam and seedlings which

are trees 6” tall and less than 17 DBH.

2. 0.02 hectare (1/20 acre) (2nd occasion, remeasured on 1/24 acre) for trees

3.0” to 12.9” DBH, excluding trees 3.0” to 4.9” DBH tallied on the 0.004 ha.
3. 0.076 hectare (1/5.3 acre) for trees 13.0” to 47.9”

4. 0.2 hectare (0.5 acre) for trees > 48” DBH
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In the Siuslaw Forest, there are 86 sample plots on a 3.4-mile grid and 242
additional sample plots on a 1.7-mile grid (Figure 3.4). The resulting sampling
intensity was approximately 0.0013 plots/ha. For the 3.4-mile grid. there are 5
plots that were not installed since they were not considered forest as shown by
condition indicated by the following particular plant association codes, two plots
with GR82 (Hummocks beachgrass, sand dune geology}, one with NRL912 (steep,
moist rock land with minimal vegetation potential). one with NSNO {open sand
of any dunal character, no vegetation), and one with NSGO (sand dunes with
scattered grass). Hence the available plots are 81. For the 1.7-mile grid plots, 3
additional plots were omitted; one was not installed due to the plant association,
with both NSNO and NSGS8 (Coastal sand dune, rolling, partial beachgrass stabil-
ity), one was installed but had no trees or indicator species and plant association
(NSGR8), and one was installed but had no trees tallied (NSNO). There is more
detailed information about installations for some particular plots suminarized in
Table 3.1(b).

In this study, we consider only the fully installed stake position areas and the
plots with at least 3 stake position areas having trees tallied. Thus Plots 2067024
and 2089032 are excluded in the study due to having only 2 stake positions tallied.
Hence, the number of studied 1-ha plots was reduced to 313. Plot 2125072 which
is marked by @ in Figure 3.4 was installed and tallied but not contiguous to the
rest of the Forest. Instead of throwing it out immediately, we studied the data
with and without it. Figure 3.5 displays the lattice locations of all 313 plots on
the 1.7-mile grid.

With the 3.4-mile grid or with the 1.7-mile grid additional plots, the resulting
intensities are respectively 0.00034 and 0.00095 plots/ha. At each sample plot,
forest variables such as total number of dead standing trees (mortality (M)) ex-

cluding very small trees and seedlings tallied on the 0.004 ha., total number of live
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trees (Lt) with diameter at breast height (DBH) > 3" excluding very small trees
and seedlings tallied on the 0.004 ha., total basal area (Tha) (excluding very small
trees and seedlings tallied on the 0.004 ha.} which i1s the sum of cross-sectional
areas of all live trees having a diameter breast height (DBH) of 1 inch or larger
measured in m?/ha. Also, we are interested in the mortality of seedlings, total
number of live seedlings, and total basal area of seedlings which are for those very
small trees and seedlings tallied only on the 0.004 ha.. referred to as M. Lt,,
and Tha,. These are the variables we selected for our study. The variable Tha.
linearly corrected with tree volume, is easy to measure and has been one of the
primary variables of interest for a long time as is number of trees per hectare.
Tha is calculated from measurements of the diameter at breast height (DBH) of
all live trees at breast height (DBH? x 7/4). The number of live trees per hectare
is of ecological interest and is also needed to estimate volume/ha. Mortality, the
number of dead standing trees in the 1-ha PSU, is of considerable interest to
ecologists and foresters as one indicator of forest health.

The actual subplot measurements were used to generate estimates for the
1-ha PSU, using the following formula:

. Zjil Ya; Z;::I Yas zyi1 Y5
Y= T02n, 0076ns © 0.02n,

and

z;i1 Y14

Yo = 5,004 ny

where y is the estimate of the attribute excluding those on the 0.004-ha. circular
subplot, ys is the corresponding estimate for very small trees and seedlings on
the 0.004-ha. circular subplot, y;; 1s the j-th tree attribute on subplot of size 7,
and n; is the total number of trees on subplot of size 7, as illustrated on p.22,

i =1,...,4. This calculation is based on the inclusion probabilities (also called
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the expansion factor in forest literature) of the actual areas sampled relative to a
hectare plot area.
The plot attributes were combined with information of the remote sensing

analysis and ancillary data described below.

3.8 Landsat TM Data

The satellite imagery from the Landsat 3 Thematic Mapper (TM) data was
provided by the US Department of the Interior Bureau of Land Management
(BLM). TM data has 7 spectral bands encompassing the blue, green, red (R),
near-infrared (NIR), thermal infrared (TIR) and mid-infrared (MIR) regions of
the electromagnetic spectrum. The resolutions for each spectral band data are
described in Table 3.2.

Reflectance is the ratio of the amount of light leaving the target to the amount
of light striking the target, whereas radiance is the variable directly measured by
remote sensing instruments. Basically, radiance is how much light the instrument
sees from the object being observed expressed In watts/steradiance/square. But
reflectance has no units. The number coming from the bands are light reflectance
values in different wavelengths (in micrometers). The larger the number, the
higher the reflectance. Because the resolution of TM spectral band 6 is coarse, we
only used TM bands 1-5 and 7. We used the primary portion of Landsat in path
47 row 29 and a small portion falling within row 30 in path 46 (August 1995). A
resampling procedure was used to reduce the pixels to 25 m x 25 m from 30x30
resolution. To ensure compatibility between images and with the ground data,
each image was rectified and geo-referenced to the Universal Transverse Mercator
(UTM) system using the parameter: Spheroid Clarke 1866, datum NAD27 (values
determined by Clark in 1866 described the spheroid commonly used with the

reference datum for North America; this is often referred to as the North American

by
[2
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Datum 1927) and Zone 10. For the UTM system, the earth is divided into sixty
zones, each spanning six degrees of longitude. FEach zone has its own central
median and spans 3 degrees west and 3 degrees east. This system is a specialized
application of the Transverse Mercator projection. The limits of each zone are
84° N and 80° S. Using the UTM system, the coordinates of the plot location
are described by (UTMe, UTMn) in meters where e and n indicate easting and

northing respectively.
3.4 Image Enhancement and Ancillary Data

There are several common ways to enhance the TM data such as filtering,
Tasseled Cap transformations (Crist and Cone, 1984} and ratioing transforma-

tions.

The Tasseled Cap transformation of Landsat data combined the original six
TM bands (1-5 and 7) into 3 linear combinations labeled: measures of vegetation
(brightness), soil (greenness), and the interrelationship of soil and canopy moisture
(wetness). The "greenness” of a reference green surface can be used to determine
threshold values above which a given surface could be considered "green”. The

empirically derived coefficients are

Brightness = 0.3037 Band; + 0.2793 Band, + 0.4743 Bands; + 0.5585 Band,
+0.5082 Bands + 0.1863 Band;
Greenness = —0.2848Band; — 0.2435 Band, — 0.5436 Bands + 0.7243 Band,
+0.0840 Bands — 0.1800 Band-
Wetness = 0.1509 Band; + 0.1973 Band, + 0.3279 Bands + 0.3406 Band,

—~0.7112 Bands — 0.4572 Band;.

The commonly used ratioing transformations of 6 Bands data are the simple

vegetation index (VI), which is calculated by NIR/R, the normalized difference
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vegetation index (NDVI) which is similar transformation to the VI but with the
normalization and is calculated from the reflected solar radiation in the near-
infrared (NIR) and red {R) wavelength bands via the algorithm: NDVI=(NIR-
R)/(NIR+R), varying between -1 and +1, and the ratioing of TM band 7 with
TM bands 5, 4, and 3.

The combination of bands has proven quite useful for general vegetation anal-
ysis. Bands is strongly absorbed by active vegetation. whereas Band, is strongly
reflected. Bands is sensitive to moisture in vegetation and soil. Bandy is also
sensitive to vegetation moisture content and as a result on sites of higher basal
area there should be a corresponding decrease in the TM band 7 response. There
are 3 ratios adopted in this study; Ratio;: Bandy/Bands i.e. VI (NIR/R), Ratioy:
Bands/Bandy, and Ratios: Bands/Band;. Vegetation is usually shown in red by
remote sensing people. The reason is the fact that the human eye (0.6 - 0.7 um)
perceives the longest visible wavelengths to be red and the shortest visible wave-
lengths to be blue. Therefore, we are not seeing real colors. Ratio; utilizes the
NIR and red (R) region of the spectrum which represents active vegetation. Ratio,
and Ratios accentuate the difference between the change in vegetation moisture
content in band 7 and the relationship between infrared bands 5 and 4.

A 1-ha plot is covered by 13 pixels of size 25m x 25m. In the window filtering,
we consider the mean of the 13 grid pixels, the median of the 13 grid pixels. or the
majority of the 13 grid pixels. We compare the different enhancements against
the original Band reading at the center pixel. We integrated other "spatial data
layers” such as climate, Digital Elevation Models (DEMs) based on topographic
measures, geology, soil and vegetation data, but did not use all of them in this
study because the information is not available for some non-sampled plots.

A DEM is a digital representations of the shape of the earth’s surface. The

Bureau of Land Management (BLM) has a DEM that covers all of Oregon. For the

[S]
3
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interagency vegetation mapping project (IVMP). slope, aspect (direction of slope),
and elevation were generated in ERDAS Imagine format and Arclnfo grid format
with spatial resolution 25m x 25m. There are many possible transformations
of the aspect variable, but the commonly used ones are the cosine and the sine
transformation. To avoid the problem of modeling a circular predictor variable,

a transformation used by Roberts and Cooper (1989} was also applied to aspect,

where
Asppe = 0.5 {cos (i—;%[aspect - ma;r.(aspect)]) + 1} . (3.1)

The transformed variable ranges from zero to one and yields the highest values at
the maximum of the aspect values. Similarly, we can transform aspect using the

sine function instead of the cosine. The transformation function yields

Aspg = 0.5 {SM (»ia[aspect - ma:zz(aspeci)]) + 1} : (3.2

In this study, values of the variables of interest at the interpolated points
were mainly estimated from the 1.7-mile grid data. If the standard grid (1.7 mile
square) for data acquisition does not meet all vegetation or modeling needs of the
forest planning effort, a supplemental 0.85-mile grid was installed. But the pre-
dictions of 0.85-mile grid plots are also needed for other locations for management

purposes.

3.5 Data Description

In this section we deal with univariate description first and then look at the
relationships between pairs of variables. Finally, we incorporate the location of
the data set and consider several ways of describing the spatial features of the

data set.

[\
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3.5.1 Univariate description

A boxplot is a way to look at the overall shape of a set of data. Th¢ central
box shows the data between the lower and upper quartiles. with the medians
represented by a blank line inside the box. Brackets go out to the extremes of the
data and very extreme values are portrayed by segment lines outside the brackets.
The size of the box represents the spread about the central value (mean). Figure
3.6 portrays the boxplots for the field data of the the M, M,. Lt, Lt,, Tha, and
Tha, values. All variables except for My form a box; for Tha, there are only a
few extreme values outside the brackets and the central box is half divided by the
median blank line, i.e. the data have svmmetry. An alternative presentation of
data to the boxplot is the histogram. The histograms for M, My, Lt, Lt,, Tha, and
Tha, are shown in Figure 3.7. The histograms for M and Lt are left skewed and
for Tha the histogram appears to be symmetric and more normal. The histograms
for M,. Lt,, and Tha, have large mass at zero, so it might be dangerous to do
fufther analyses ignoring the (’s among the data.

The descriptive statistics for the forest variables and the auxiliary variables
are summarized in Table 3.3. The mean and median can give us some idea where
the center‘of the distribution lies. The interquartiles (Q; and Qs) and standard.
deviation (S.D.) are used to describe the variability of the data values. These
descriptive statistics provide a valuable summary of the information contained
in the histograms and boxplots. Except for Tha, the means and medians for the
other variables differ considerably, as shown in the boxplots of M and Lt in Figure
3.7 and in the histograms of M and Lt in Figure 3.7 |

The descriptive statistics show the large number of zeros characteristic of
histograms for M, Lt,, and Thas; for example, the 3rd quartile for M, is Q3 =0

which means at least 75% zeros, about 50% for Lt since Q;=0, median=50.00
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and mean=250.00, and the percentage of zeros for Tha, is higher than 50% and
lower than 75%.

The coefficients of variation (sample standard deviation/sample mean) for M,
M,. Lt, Lt,. Tha, and Thba, are 1.08, 3.23, 0.73. 1.79, 0.56, and 2.23, respectively.
A large coefficient of variation can be produced by the presence of some unusually
large sample values that may have a significant impact on the final estimates. The
larger the values of coefficients of variation, the longer the tail of the histograms.
The coefficient of variation for seedling variables M;, Lt,. and Tha, are greater
than 1, which are shown long tails in their histograms. The coethicient of variation
for Tha is 0.56, which reflects the fact that the histogram does not have a long
tail of large values (see Figure 3.7) and tends to normality.

Figure 3.8 portrays the boxplots and histograms of the topographic data.
All boxplots of the topographic data form a nice central box. Aspect data has
6 extreme values and slope has one. The Landsat TM band data are boxplotted
in Figure 3.9 and the histogram is shown in Figure 3.10. Band 4 has the most
symmetrical boxplot of the band data. From Figure 3.9, we can see that there
is no segment line outside the brackets, which means no extreme values for Band
4 data. After the Tasseled Cap transformation of Landsat TM band data, the 3
Cap data, brightness, greenness, and wetness are shown in Figure 3.11. Note that
all three Tasseled Cap data form a box. For brightness and greenness, there are
only a few very large values outside the brackets, but there are several large values
for VVetness. The coefficients for Bandy in the linear combinations of greenness
and brightness (defined on p.26) are 0.3585 and 0.7243 respectively which are
higher than that for wetness. Brightness and greenness are dominated by Band,.
Since the boxplot of Bandy has no extreme values outside the bracket, there are
only a few outside the bracket of the boxplots for brightness and greenness. As

to ratioing transformations, the boxplots and histograms of the 3 ratio data are
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shown in Figure 3.12. The Ratio;=Band,/ Band; forms a box with one extreme
value; while for Ratio, and Ratios, there are more extreme values outside the

brackets.
3.5.2 Bivariate description

The univariate tools discussed earlier are limited for describing the distribu-
tion of individual variables. The Siuslaw data set is a multivariate data set. If we
analyze the data set one variable at a time, it is important to examine the rela-
tionships and dependence between variables. First, we describe the relationship
among the plot-level forest (response) variables, M, M, Lt, Lt,. Tha, and Tha,.
The scatter plots of paired variables, Lt versus M, Tha versus Lt, Lt; versus M,,
and Tha, versus Lt; are shown in Figure 3.13(a). The scatter plots do not reveal
any apparent linear relationship among the variables except for Tha, vs. Lt if
species is ignored. The R? between Lt, and Tha, is 0.8547, but the B? between Lt
and Tha is only 0.0057. Obviously, there is strong correlation between seedlings
variables, Lt, and Tha,. This implies that the more live trees the larger seedlings
total basal area. The scatter plot of Tha vs. Lt forms a band ranging from 100
to 300 for Lt values and from 35 to 60 for Tha values. Sample plots are domi-
nated bv a few large trees. For those plots, although the number of live trees is
small, the Tha value is large. For further investigation, we study the relationship
between the Lt and Tha values for Douglas-fir (Pseudotsuga Menziesii Glauca).
Douglas-fir trees grow fairly rapidly; the average height of the tree is 150 to 200
feet although some trees grow to heights of 300 feet. When rubbed, they smell
of camphor. To examine the relationship of variables for Douglas-fir, the scatter
plots of paired data for Douglas-fir are displayed in Figure 3.13(b). The data are
concentrated in the scatter plot of Lt versus Tha. The scatter plots for Lt versus

M, Tba versus Lt, and Lt, versus M, show no apparent linear trend. For Tha,
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versus Lt,, there is a similar linear trend as when species are ignored. The R?
of Tha, with Lt; 1s 0.8194. As mentioned earlier, Douglas-fir trees grow rapidly,
so the basal area of very small trees and seedlings have a linear relationship with
the number of live very small trees and seedlings. There are only 290 plots for
Douglas-fir, 23 less than if species designation is ignored. Due to the small sam-
ple size, we do not analyze by species. As shown in Table 3.3, all variables for
Douglas-fir have smaller sample deviations than if species designation is ignored.

Figures 3.14-3.17 portray the scatter plots of forest variables versus the aux-
iliary data such as topographic and TM data. Unfortunately, we couldn’t find
any apparent linear trends between the forest response variables and the auxiliary
data. From Figure 3.14, the R?’s are very small. Only elevation is related to M
and Tha with R = 0.1694 (R* = 0.0287) and R = 0.1338 (R* = 0.0179). respec-
tively. The higher the elevation, the higher the mortality. As shown in Figure
3.15, the R*’s of M with bands 1-5, and 7 range from 0.0087 to 0.0290 and all
are negatively correlated; of all R’s the largest one, -0.1703, belongs to Bands.
Since Band; is sensitive tfo vegetation moisture content, it 1s reasonable to have a
negative relationship with mortality. There are no apparent linear trends for M,
and bands; the R?*’s range from 0 to 0.0030. For Lt, the R*’s are small except
for Bandy. As mentioned in Section 3.4, Bandy is strongly reflected by active
vegetation. Bandy is related to Lt by the correlation R = 0.1086 as expected. For
Band;, Band;, Bands, and Band, data are slightly related to Lt;. Band values
with Tha range from -0.2173 to -0.3161 in K-values; Bands 1s the strongest related
to Tha. For Thas, there is no apparent linear trend with bands. The Tasseled
Cap transformations didn’t do better than those original band data for any vari-
ables except for Lt and Tha. The correlation between brightness (Cap, ) and Tha
is R = —0.3324 which i1s more correlated than those for the original bands. Of

all ratioing transformed band data, Ratios is correlated to M with the value of
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R = 0.1038, Ratio; is related to Lt by R = —0.1728, Ratio; is related to Tha by

R = —0.2170, and there are no apparent linear trends for the seedlings variables.
3.5.3 Spatial description

In describing the spatial characteristics of a population, one is often interested
in spatial features of the data set such as the location of extreme values, the overall
trend. and the degree of continuity. None of the description tools discussed earlier
can provide much information on the spatial features of the variables of interest.
We present some effective tools for displaying spatial data, the simplest being a
data posting. But for large digital values, it’s not feasible to post the variable
values at the location. When this situation occurs, the symbol map posting for
all locations is used instead. Data posting is useful in identifying erroneous values
and revealing erroneous data locations. For example, the grid sampling system
was adopted in our data collection; the distance between one-unit-apart horizontal
and vertical plot locations should equal the grid distance. From this, we identified
several errors in locations of plots as shown in Figure 3.4.

The location of the plots with mortality/ha is shown in Figure 3.18. We
reclassify the M values by the 4 quartiles as follows: red 1=(0, 21}, blue 2=(21,
50], purple 3=(50, 86], and green 4=( > 86). Note that there are 11 pairs of
adjacent green 4’s in the adjacent horizontal directions and 10 pairs of adjacent
green 4’s in the adjacent vertical directions in the southern area; 3 pairs of adjacent
green 4’s in the adjacent horizontal directions and 4 pairs of adjacent green 4’s in
the adjacent vertical directions in the northern area; while in the corner direction
there are 16 pairs of adjacent green 4’s in adjacent corner directions in the southern
area, b pairs of adjacent green 4’s in adjacent corner directions in the northern
area. We can see that the M data seems to have some spatial dependence among

the adjacent horizontal, vertical, or corner neighbors. From Figure 3.5 and 3.6
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discussed earlier, we note that there are some extreme values shown outside the
brackets of the boxplot and long tails in the histogram. Omne might want to
know where the extreme values are and if they are unusual with respect to their
neighbors. This can be achieved by the data posting on a location map. In the
spatial data posting map, we also display where the large values are, depicted in
Figure 3.19. Some of them are close to each other. The M; data is depicted in
Figure 3.20. We see that there are many zeros consistent with those shown in the
interquartiles of M, in Table 3.3. For non-zero values, some of them are close to
each other, some aré surrounded by zeros.

The location of the plots with number of live trees/ha (Lt) is shown in Figure
3.22. The Lt data is classified as follow: red 1=(0, 180], blue 2=(180, 312}, purple
3=(312, 577], and green 4=( > 577). There are about the same number of green
4’s in the adjacent horizontal direction as those in the adjacent vertical direction.
Also. there are some green 4’s in the adjacent corner neighbors. The large Lt
values are depicted in Figure 3.23. None of them are adjacent to each other.

Figure 3.24 shows the data for the Lt, data. Note that there are many
zeros, as described earlier, about 50%. Non-zero values are adjacent to each other
frequently. In chapters 4 and 5, we will examine this further. In Figure 3.25 we
have highlighted the 5 largest values from Figure 3.24. Four values, 2562, 1800,
2000, and 1450 are located in the northern part of the Forest and adjacent to each
other. The other one, 2375, is located in the southern part of the Forest.

The colors shown in Figure 3.26 indicate the same color more frequently
for Tha in adjacent corner neighbors than in adjacent horizontal and vertical
neighbors. Therefore, there might be stronger spatial dependence effects on corner
neighbors than with horizontal and vertical neighbors. In Figure 3.27 the large
Tha values 106 and 101 also indicate that stronger spatial dependence exists with

corner neighbors than with horizontal and vertical neighbors.

34

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



A posting of the Tba, data 1s displayed in Figure 3.28 showing many zeros.
In Figure 3.29 we depict only the 6 largest Tha, values of Figure 3.28. Four
values, 3.3. 2.6, 3.8, and 2.1 are located as adjacent horizontal, vertical. and
corner neighbors.

We incorporate the spatial dependence of our data and try to capture the
phenomenon of many zeros in our modeling. Several spatial models are discussed

in chapters 4, 6, and 7.
3.5.4 Sample correlations of plot-level variables

In the previous subsection, we noted the potential candidate for spatial de-
pendence in the data by looking at the location of the plots with associated values
for the variables. This subsection examines the spatial dependence for each vari-
able by computing sample correlations.

For a 3x3 lattice depicted in Figure 3.30, define the neighborhood of location

7 in the following ways:

First order neighborhood The west, east (horizontal neighbors), south, or
north (vertical neighbors) of location ¢ are the first order neighbors marked
by the hollow dots in Figure 3.30. These are the plots at the 1.7-mile dis-

tance from plot 1.

Second order neighborhood The second order neighborhood includes the four
neighbors of the first order plus 4 corner neighbors (southeast, northwest,
southwest, and northeast), i.e. plots within the 1.7+/2-mile distance of plot

¢, marked by the hollow and solid dots in Figure 3.30.

The sample correlations for horizontal neighbors, vertical neighbors, and corner
neighbors are summarized in Table 3.4. For M data. the sample correlations among

one-unit-apart horizontal and vertical neighbors are larger than for one-unit-apart
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corner neighbors {0.1361 and 0.1711 vs. 0.0454). For M; data, the one-unit-apart
corner neighbors have larger sample correlation than horizontal neighbors and
vertical neighbors; but, the corner sample correlation is only 0.0727. The sample
correlations in horizontal, vertical, corner directional neighbors for Lt data are
0.0947, 0.1149, and 0.0429, respectively. Those sample correlations are not sig-
nificantly different from zero. For Tha. the sample correlations among horizontal
and vertical neighbors are -0.0147 and 0.0322 respectively; the sample correlations
among corner neighbors is 0.1489. As mentioned earlier, we note this tendency
from Figure 3.26 stronger spatial dependence effects on corner neighbors than
those on horizontal and vertical neighbors. There are positive sample correla-
tions for Lt, and Tha, among horizontal, vertical, and corner neighbors. For Lt,,
the sample correlations for horizontal, vertical, and corner neighbors, are respec-
tively 0.2300, 0.3022, 0.2101 and for Thas, they are 0.2243, 0.3176, and 0.1713,
respectively. This is consistent with the results shown in Figure 3.24 and 3.28;
for non-zero values, there are more pairs of close values with adjacent vertical
neighbors than with horizontal and corner neighbors, and it is also true for zero
values. The adjacent zeros make more contribution than adjacent non-zeros to
the large sample correlations. If we divide the data into zeros and non-zeros, then
the sample correlation drops abruptly.

The corner neighbors (A = 1.74/2 mile) in the second order neighborhood are
farther apart than the one-unit horizontal and one-unit vertical neighbors (h = 1.7
mile). For variables except for M; and Tha, the sample correlations for horizontal
and vertical neighbors are larger than the sample correlation for corner neighbors.
To see if there is any distance-related sample correlation in the data, we computed
some sample correlations for "greater” lags, e.g. sample correlations for 2-unit
horizontal and 2-unit vertical neighbors (A = 3.4 mile, marked by A in Figure

3.30), and sample correlation for 2-unit corner neighbors (h = 3.4y/2, marked by
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4 in Figure 3.30). From Table 3.4, we note that most of the sample correlations for
"greater” lags are much smaller than those for one-unit horizontal, vertical, and
corner neighbors. But the sample correlation for two-unit vertical neighbors in the
Lt data doesn’t become much smaller as the lag-distance increases (rq, = 0.1151
vs. 7, = 0.1190). This implies that the sample correlations in the vertical direction
decay slowly as the lag-distance increases. It caught our attention that in the M,
data the sample correlation for two-unit vertical neighbors is larger than the one
for one-unit vertical neighbors (re, = 0.1505 vs. r,=0.0087). There are about
86% zeros in the M, data. The greater the lag-distance is, the more zeros are
included. This can lead to overestimating the parameters of spatial dependence.
The scatter plot of the plot-level attributes for adjacent neighbors at different
lag-distance was portrayed in Figure 3.31.

In Chapters 4, 6, and 7, we present several models incorporating the spatial

features and dealing with the many zeros of the data for some variables.
3.5.5 Sample correlations of subplot-level variables

So far we only discussed the sample correlations for plot-level variables. This
subsection investigates the sample correlations within the subplot-level variables
in the five stake position areas, as diagramed in Figures 3.2 and 3.3. The minimum
distance betweén subplot areas is 40.8 m which 1s much closer than that between
plot locations (1.7 mile=2736 m). Stake positions are 40.8 m apart from the center
of stake position 1, so the distance is close to the radius of a 1-ha plot, 56.42 m.
Hence, the sample correlations between subplots are expected to be larger than
those between plots.

Table 3.5 lists the sample correlations of subplot variables. We will do further
testing in the later chapters on the significance of spatial dependence parameters.

For M, the one-unit-apart (40.8 m) sample correlation in the vertical direction is
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about 0.1 larger than the one in the horizontal direction, and the sample correla-
tion between two-unit-apart (81.6 m) vertical neighbors is about 0.1 larger than
the one between two-unit-apart (81.6 m) horizontal neighbors, too. The sample
correlations between subplots do not decrease as the lag distance increases, but
increases to 0.3835 at lag 81.6 m for horizontal neighbors and 0.4807 at lag 81.6
m for vertical neighbors. For M, the sample correlation did drop down as the
lag-distance increases. The sample correlations for M, at one-unit-apart (2736 m)
plots in the horizontal and vertical directions are about 0.04 and 0.03 (shown in
Table 3.4}, respectively. But for the sample correlations between subplots, the
40.8-meter-apart horizontal sample correlation is 0.49 and the vertical one is 0.32;
those are much larger than the sample correlations between plots. The sample
correlations for M exhibit different behavior for plots than those for subplots;
e.g. r, = 0.1711 and ry, = —0.0104 for plots as shown in Table 3.4; whereas
r, = 0.1711 and rj, = —0.0104 for plots as shown in Table 3.5. The sample
correlations of Lt between subplots in the different directions ranged from 0.43
to 0.57; the largest values are the one-unit-apart (40.8 m) sample correlations.
The sample correlations between subplots for Lt decay slowly as the lag-distance
increases. We note that at 81.6-meter-apart the sample correlations in the vertical
and horizontal directions are still 0.43 and 0.55. For Tha on subplots, the sample
correlations decay slowly as the lag-distance increases, too; the largest of those
sample correlations is about 0.61 which 1s only 0.13 larger than the smallest. For
Lt, on subplots, the sample correlations are not only slightly larger than those for
plot Lts and the 2-unit-apart sample correlation in the vertical direction is half as
large as the 1-unit-apart sample correlations in the vertical direction and the sam-
ple correlations of subplot Lty drop much more slowly in the horizontal direction
than those sample correlations of plot Lts did. The sample correlations for Tha,

on subplots are smaller than those for Tha, on plots at one-unit-apart distance.
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Both sample correlations for Tha, on subplots and Tha, on plots decrease as the
lag-distance increases. The scatter plot of the subplot-level attributes for adjacent
neighbors at different lag-distance is shown in Figure 3.32.

In general, the sample correlations of subplot variables are consistently larger

than those of plot variables as expected.

3.6 Data Summary

Plot attributes of trees, M, Lt, and Tbha do not have many zeros in the data,
but plot attributes of seedlings do. For My, there are about 86% zeros. There
are not many plots having dead seedlings. Of all plots having live seedlings, there
are only 4?% plots with very small trees or seedlings of DBH of 17 or larger. For
those plot attributes of trees, Tha is the most bell-shaped and with only 1% zeros.
The other tree attributes are not bell-shaped, so transformations are considered
in Chapter 4. In fact, transformations to normality do not change the nature of
many zeros in the data, so that a mixture model which addresses many zeros is
studied in Chapter 6.

As mentioned in the previous section, sample correlations among subplots are
much larger than those among plots. The one-unit-horizontal distance between
subplots is 40.8 m which is much closer than the minimum distance between plots
(2736 m). That implies that the distance-based correlation function is a potential
candidate for our data to make predictions for non-sampled locations. Among M,
Lt, and Tha, the smallest coefficient of variation belongs to Tha and so it should
be easier to predict than M and Lt.

The reliabilitjr of prediction using spatial regression models depends on the
availability of good auxiliary information. As we noted earlier, there is weak
relationship between auxiliary data and forest data without considering spatial

features. While considering the spatial feature of auxiliary data and forest data,

39

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



the correlation is much stronger. So estimation including area-specific auxiliary
information in a regression model is worth considering.

In summary, considerable good quality data is available. There appears to be
little correlation between plot information even on adjacent plots and with aneil-
lary information. This might be due to the large lag-distance (1.7 mile=2736 m)
we have for plot data since we note that the sample correlations of subplot based
data are large. And this is not surprising since intuition tells us that the shorter
lag-distance (40.8 m) should have a higher correlation than the larger lag-distance
(2736 m). The ancillary information is not as good as we expected; there is only
weak correlation between the ancillary data we used and the variables of inter-
est. One can expect predictions to be satisfactory if good auxiliary information is
available and the model is correctly specified. The reason we use ancillary data
such as aspect, elevation, slope, and TM bands is because they are available for
non-sampled plots and non-sampled subplots and for prediction purpose we only
can use the information available for non-sampled plots.

In model building, we consider simple spatial models in Chapter 4, spatial
zero-inflated models in Chapter 6, and spatial models with auxiliary data in Chap-
ter 7. Chapters 5 and 8 respectively introduce the predictions based on plot infor-

mation and the predictions based on plot information and auxiliary information.
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Figure 3.1: Study Area: Siuslaw National Forest, Oregon
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Table 3.1: Installations for 1-ha Plots in the Siuslaw N.F.

Installation Number of Force Number of Contract  Total Sample
Year Account Installations Installations Units Installed
1993 2 0 2
1994 0 35 35
1995 0 148 148
1996 8 84 92
1997 0 43 43
Total 0 310 320

(a). Sample Units (1-ha Plots) Installed by Year and Method
Plot Stake Positions

Number 1 2 3 4 5

1092040 Full Full Full Fuall No (A)

2074046 Full Full Full No (A} Full

2076046 | Partial (O)  No (O)  Partial (O) Full Partial (O)

2080030 No (A) No (A) No (A) No (A) Full

2082038 Full Full Full Full No {O)

2082046 | Partial (O) Full Partial (O)  No (O)  Partial (O)

2084050 Full Full Full Full No (A)

2085032 No (A) No (A) Full No (A) No (A)

2103038 Full No (O) Full Full Full

2108050 Full Full Full No (O} Full

2125072 Partial No Full Full Full

2136050 || Partial (O} Partial (O) Full Partial (O)  No (0)

2139062 Full Full Full Full No (O)

2141056 || Partial (O) Full Full No (0O) Full

(b). All plots are not fully installed
Note that 70" indicates that the stake position area was partially installed or was

not installed due to ownership and "A” indicates the stake position area is not
- installed due to inaccessibility.
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Figure 3.2: Diagram of Primary Sample Unit (PSU) Design!

2.47 acre {1 ha.)
185.1" radius (56.42 m)

1/5.3M acre (0.076 ha))
51.1' radius {15.6 m)

Siake Position
Number
1/20™ acre (0.020 hal)
26.3" radius (8.02m)
Sample line
51.1'long (15.6 m) DWM 1/100™ acre(0.004 ha.)
50.0" long (15.2 m) GC 11.8'radius (3.6 m)

1 5 stake position areas (1-5) with concentric sﬁbplot sizes (0.004 ha., 0.02 ha., and 0.076 ha.),

5
and sample lines
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Figure 3.3: Stake Position Numbers. with Corresponding Areas and Boundary
Limits"

2

315° 10 44°
&> 82.8 to 185.1 ft.

3159 459

3

45° to 134°
&

> 82.8 to 185.1 ft.

5

225° t0 314°
&
82.8 to 185.1 fi.

135° to0 224°
&> 82.8 to 185.1 ft.

1] All concentric subplots {(0.004 ha., 0.02 ha., and 0.076 ha.) are contained within one of the

five areas corresponding to a stake position number (1-5).
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Figure 3.4: Location of CVS plots (N=328) in the Siuslaw N. F.}
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Figure 3.5: Rescaled Integer-indexed Location of 1-ha plots in the Siuslaw N. F.1
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T’abrle 3.2: Thematic Mapper Spectral Bands (See Lillesand and Kiefer (2000))

Band Spectral Name Spatial Wavelength
Resolution (pm)
1 blue 30 meters 045 - 0.52
2 green 30 meters  0.52 - 0.60
3 red 30 meters  0.63 - 0.69
4 near infrared (NIR) 30 meters  0.76 - 0.90
5 short mid-infrared (MIR) 30 meters 1.55 - 1.75
6 thermal infrared (TIR) 120 meters 10.40- 12.50
7 long mid-infrared (MIR) 30 meters 2.08 - 2.35

Figure 3.6: Boxplots for M, M, Lt, Lt,, Tha, and Tha,

o —
B
£
=3 &
¥
< feo3
=8 g
N
[awe)
<
sy} —
<D
o ~—
<
< < -
M Ms
<
=3 S
::2 o~
o
<
<
= =
- [l
<> <
- [Xg3
=L,
~—>
<2 |
fone-) <>
< - hant
Y+
=
<D
[¥e)
< - < -
Lt Lis
o]
=
oy o
<
fanl
D o -
o=
-3
—
<
o
ol o

Tbha Thas

1) the y-axis shows data values

47

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 3.7: Histograms for M, M,, Lt, Lt,, Tha, and Tha, 1]
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Table 3.3: Descriptive statistics of the data

Variables Min. Q1 Median Mean Qs Max. S.D.
N=313 plots
Aspect (°) 0.00 95.08 191.30 186.20 276.00 35821 105.73
Elev (m) 9.00 178.00 250.00 272.30 351.00 822.00 139.29
Slope(°) 0.00 10.88 16.74  16.20  21.80 40.33 7.69
Aspsin -1.00  -0.82 -0.12  -0.07 0.60 1.00 0.70
ASDeos -1.00  -0.71 0.00 0.02 0.74 1.00 0.71
Aspre 0.00 0.14 0.52 .51 0.86 1.00 0.36
Asps 0.00 0.08 0.45 0.46 0.80 1.00 0.12
Band, 55.00  61.00 62.00 63.06 65.00 108.00 4.41
Band; 17.00  21.00 22.00  22.76  24.00 49.00 3.18
Bands 12.00  16.00 17.00  17.84  19.00 63.00 4.09
Band, 34.00  63.00 83.00 86.39 104.00 160.00 27.16
Bands 21.00  32.00 41.50  45.05 54.00 111.00 16.53
Band; 4.00 9.00 10.00  11.96  15.00 55.00 = 6.01
Cap; 62.44  87.31 103.60 107.30 123.30 182.90 2542
Caps -25.00  16.14 28.78  31.00 4213 83.23  18.80
Caps -35.25 7.73 1271 1177 17.29 30.87 8.56
Ratioy 1.14 3.93 4.79 4.86 5.80 8.42 1.24
Ratioy 0.32 0.44 0.51 0.53 0.59 1.81 0.15
Ratiog 1.04 3.46 3.89 3.97 4.38 7.80 0.84
N=313 plots for all species
M (#/ha) 0.00  20.33 42,58  62.75  77.32 507.3 67.46
M; (#/ha) 0.00 0.00 0.00 12.54 0.00  350.00 40.49
t (#/ha) 0.00 176.60 290.00 367.60 527.90 1538.42 268.93
Lts (#/ha) 0.00 0.00 50.00 200.80 250.00 2562.50 359.72
Tha (m?/ha) 06.00 27.37 42,46  43.50  53.41  107.29  24.34
Thas (m?/ha) 0.00 0.00 0.00 0.23 0.18 3.84 0.52
N=290 plots for Douglas-fir
M 0.00 12.70 27.24  43.67  57.67  335.80 48.90
M, 0.00 0.00 0.00 3.78 0.00  100.00 14.91
Lt . 0.00 5487 12860 207.20 295.00 888.40 202.30
Lts 0.00 0.00 0.00 73.78 62,50 1000.00 158.68
Tha 0.00 14.72 28.55  32.90 45.63  103.40 2295
Tha, 0.00 0.00 0.00 0.09 0.00 1.97 0.27

Note: Tasseled Cap transformations of the 6 bands — Cap;: brightness, Caps:
greenness, Caps: wetness: Vegetation index — Ratio;: Bandy / Bands. Ratios:

Band; / Bands, Ratios: Bands / Bands.
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Figure 3.8: Boxplots and histograms for the topographic data
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(Continued)
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(e). Robert and Cooks transformed aspect data, replacing cosine by sine
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Figure 3.9: Boxplots for the 6 bands*!
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Figure 3.10: Histograms for the 6 bands
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Figure 3.11: Boxplots and histograms for the Tasseled Cap transformation of the
data from the 6 bands

[
o o
2 —_ o |
© : ; <
QO : ) :
~ s @ ;
< | |
<t H
-~ g i
8 g 2
2 c Q O A :
23 s 5 5
° & @ § [N S—
o O g -
[on
S | J—
< R
o <
< | H
o i
i o
: S
o | ,
«©
o
. -
2 - o 3 -
[
{ie]
O
~
[w)
< S
= oy &
o m c o
@ < [+)]
= g— o 8‘
8 g &1 g
[ L L
fe I
[a\}
& 1 2 1
O
e~ o
o 4 o o e
60 80 100120140160180 -20 0 20 40 B0 80 -40 20 0 20 40
Brightness Greenness Wetness

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 3.12: Boxplots and histograms for the ratio transformation of the data
from the 6 bands
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Figure 3.13: Scatter plots of M versus Lt, Lt versus Tha, M, versus Lt,, and Lt,
versus Tba,.
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Figure 3.14: Scatter plots of all 6 variables versus the topographic data, R* in

parenthesis
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Figure 3.15: Scatter plots of all 6 variables versus all 6 band data, R* in parenthesis
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Figure 3.16: Scatter plots of all 6 variables versus 3 Tasseled Cap transformed
band data, £? in parenthesis
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Figure 3.17: Scatter plots of all 6 variables versus 3 ratioing band data, R? in

parenthesis
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Figure 3.18: Mortality by plot (M) by location measured in trees/ha., classes
1=(0, 21], 2=(21, 50], 3=(50, 86}, and 4=( > 86).
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Figure 3.19: Locations for the large M (trees/ha.) values

348
254
259 255
o
[{e}
6)
£
™~
s
£
£ Q@ - 471
5 <
z
S
” 334493
(]
ko]
£
&
je))
Q
E
[ T
[aV]
442
555
o —
i [ ! f
5 10 15 20 25

integer index for Easting {1.7 mile)

62

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.




Figure 3.20: Mortality of seedlings by plot(Mj, trees/ha.} by location
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Figure 3.21: Locations for the large M, (trees/ha.) values
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Figure 3.22: Number of live trees (Lt) per hectare by location, classes 1=(0, 180],
2=(180, 312}, 3=(312, 577}, and 4=( > 577).
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Figure 3.23: Locations for the large Lt (trees/ha.) values
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Figure 3.24: Number of live trees of seedlings (Lt,, trees/ha.) by location
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Figure 3.25: Locations for the large Lt, (trees/ha.} values
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Figure 3.26: Total basal area (Tha, measured in m?/ha.) by location, classes 1=(0,
98.22], 2=(28.22, 44.34], 3=(44.34, 59.07], and 4=( > 59.07).
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Figure 3.27: Locations for the large Tha (m?/ha.) values
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Figure 3.28: Total basal area of seedlings (Tba,, measured in m?/ha.) by location
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Figure 3.29: Locations for the large Tha, (m?*/ha.) values
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Figure 3.30: The Neighborhood of Plot ¢
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o= one-unit-apart (1.7 mile) horizontal and vertical neighbors
e= one-diagonal-unit-apart {1.7 +/2 mile) corner neighbors
A= two-unit-apart (3.4 mile) horizontal and vertical neighbors

= two-diagonal-unit-apart (3.4 v/2 mile) corner neighbors

Table 3.4: Sample mean (7), Sample Variance (s7), and Sample Correlations

Y Si Th Ty Te T2h T2 T2¢ ‘

M 62.75 4536.76 || 0.1363 0.1711 0.0454 || 0.0155 -0.0104 0.0111
M; 12.54 1633.88 || 0.0393 0.0287 0.0727 || -0.0541  0:.1505 0.0621
Lt 367.64  72091.52 || 0.0947 0.1190 0.0429 || 0.0243 0.1151 -0.0103
Lts 200.84 128986.53 || 0.2300° 0.3022 0.2101 |} -0.0306 0.0500 0.0519
Tha 43.50 590.40 || -0.0147 0.0322 0.1489 )} 0.0079 0.0169 0.0264
Thas 0.23 0.27 § 0.2243 03176 0.1713 p -0.0597 0.0904 0.0379

r: sample correlation between one-unit-apart (1.7 mile) horizontal neighbors

(e.g. x and horizontal-left and horizontal-right o’s),

r,: sample correlation between one-unit-apart vertical neighbors

(e.g. x and vertical-upper and vertical-down o’s),

r.: sample correlation between one-unit-apart (1.7 v/2 mile) corner neighbors (e.g. x
and e’s),

r95: sample correlation between two-unit-apart (3.4 mile) horizontal neighbors

{e.g. x and horizontal-left and horizontal-right A’s),

r9y: sample correlation between two-unit-apart vertical neighbors

(e.g. x and vertical-upper and vertical-down A’s),

rye: sample correlation between two-unit-apart (3.4 /2 mile) corner neighbors. (e.g. x
and A’s),
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Figure 3.31: Scatter plots for plot-level variables in different lag directional neigh-

borhoods
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Table 3.5: Sample mean (7'}, Sample Variance (s 3) and Sample Correlations for
Subplot Variables

/ J2 7 !

by ol . ol ) ! ! i
¥ s ki rh r'U rht* IfC r?h 7’.22: r‘_),hy

i

( i 12.93  358.59 || 0.2875 0.3825 0.3350 0.4622 ji 0.3835 0.4807 0.4321
M, 2.59  159.98 | 0.4922 0.3204 0.4063 0.2306 || 0.1857 0.0015 0.0936
Lt 74.23 4553.30 || 0.5387 0.5674 0.5531 0.5206 || 0.4283 0.5491 0.4887
Lt 36.09 7780.96 || 0.3131 0.2822 0.2977 0.3205 }| 0.2558 0.1416 0.1987
Tha 8.82 37.06 || 0.6073 0.6081 0.6077 0.5366 || 0.5585 (.4814 0.5199
Thas 0.04 0.02 1 0.1542 0.1650 0.1596 0.2033 || 0.1413 0.0684 0.1048

i+ sample correlation between one-unit-apart (40.8 m) horizontal neighbors
(i.e.stake positions (1,3) and (1,5)),

r!: sample correlation between one-unit-apart vertical neighbors

(i.e.stake positions (1,2) and (1,4)),

r; .. sample correlation between one-unit-apart horizontal and vertical neighbors
(i.e.stake positions (1,2), (1,3}, (1,4) and (1,5)),

rl: sample correlation between one-unit-apart (40.8 m) corner neighbors (i.e.stake po-
sitions (2,3), (2,5), (3,4) and (4,5)),

r},: sample correlation between two-unit-apart (81.6 m) horizontal neighbors
(i.e.stake positions (3,5) ),

rh,: sample correlation between two-unit-apart vertical neighbors

(i.e.stake positions (2,4) ),

where the stake positions shown in Figures 3.2 and 3.3.

-3
U

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 3.32: Scatter plots for subplot-level variables in different lag directional

neighborhoods
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4. SIMPLE SPATIAL MODELS

This chapter introduces a simple spatial model which regresses the forest
variables of interest on themselves with spatial dependence. In this model, we use
Euclidean distance to define the neighborhood structure. In the model building,
we consider interaction models for X, the dispersion matrix of a multivariate (MV)
distribution.

Initially, we constructed a spatial autoregressive (SAR) mode! and a spatial
moving average (SMA) model, but these possessed certain deficiencies. We then
proceeded with the following alternative approach. Suppose Yy, is the variable of
interest at location s; for plot 1,2 = 1, ..., N, where N is the total number of plots
or points observed. Since ¥ is a dispersion matrix describing spatial dependence in
the errors, Xg;s ; denotes the covariance between Y, and Yg ; and Yg; s, denotes
the variance of Yg,. The matrix ¥ must be symmetric and positive-definite, so
any covariance scheme must ensure these conditions.

Let € be an N x 1 vector of (unobservable) random variables with mean zero -

and N x N dispersion matrix o? I. We consider the schemes of the form

A(Y — p) = Be. (+)

Then Yx: ~ MV [ &t nx1, 2= 02 T = ¢?BB’]. Since I' is symmetric and
positive-definite, B can be rewritten as B = PAY2P’, where P is an orthogonal
matrix (i.e. P’ = P!} and A is a diagonal matrix A = diag(X1, ..., Ay) consisting

of the eigenvalues of T'.

-
b |
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Assume that A =1and B =1—W. Then the model can be expressed as

Y = u + Be. (4.1)

For easy reference, we call this the "Phase I” model.
Multiplving both sides of the equation {4.1) by B~ = I — M where M =

{(my;), it may be rewritten as
(I—-M(Y —p)=-e.
or
Y=p+MY—-p)+e. ‘ (4.2)

For individual observations, equation (4.2) is equivalent to

N
Yo, =ps; + 3 mij(Ye; —ps;)+es;i=1,... N, (4.3)
S j:l
where the my;’s are zeros for ¢« = 1,...,N. The last equation makes the inter-

dependency structure between individuals more intuitive. The value at plot s
depends on the mean of its distribution at that plot, plus a weighted sum of the
errors at the plots neighboring it. The plot location s; =(s;1, s:2) can be conve-
niently re-indexed by a single number k where & takes on values in {1.... ,N}.
This notation of single-number plot index will be used in this thesis. The inter-
relationship between plots is maintained by a so-called neighborhood system.
Now let us introduce some basic concepts of spatial neighborhood dependence
that will be reflected in the selection of I' in the multivariate normal model. The
neighborhood system was described in Section 3.5. The neighboring set of ¢ on the
2D lattice. as illustrated in Figure 3.31 is defined as the set of nearby plots (sites)
within a radius of A, N;={j : d;; < h,Vj # i} where d;; denotes the Euclidean

distance between plots ¢ and j and A takes the values of 1.7 mile, 1.7v/2 mile,

-1
28]
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etc. Since the neighborhood is defined by the neighbors within a specific distance,
it is natural to specify the spatial interactions by associating the neighborhood
structure with a distance-based structure of the correlation matrix. There are
many ways to do this; for example.
(i) pij x d7". (k2 0)

where d;; 1s the distance between plots « and j and k is a constant. or

pij = Qd;jk where ¢ is a parameter.

.. —k
(i) py = exp(0d; )
where exp denotes the exponential function, k is a constant ( one or two in

our study) and 4 is a parameter.

Not all plots will have the same number of neighbors due to boundary effects and
missing data in the lattice network. Plots at or near the boundaries tend to have
fewer neighbors. For a regular m x n rectangular lattice, the domain consists of
sites 8;,=(s;1,812) for s;1 = 1,... ,m and s, = 1,... ,n not ordered in a matrix
manner. When the plots constitute a regular rectangular lattice, and a first order
‘neighborhood system is considered, an internal plot has four nearest neighbors, a
plot on a non-corner boundary has three and a plot at the corners has two. The

neighboring relationship in this kind of lattice has the following properties:

(1) a plot is not a neighbor to itself: « ¢ N,

(2) the neighbor relationship is mutual: 1 € N; & j &€ N,

When the plots consist of a regular rectangular lattice with holes, the number
of neighbors for an internal. boundary, or corner plot are less or equal to those in a
regular rectangular lattice without holes. The above definition of neighborhood is
different from the k-nearest neighbors (k-NN) methods which use a; fixed number
of neighbors {introduced in Chapter 2). Note that k-NN methods don’t possess

the mutual neighbor property.
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4.1 Specifying the I" Structure of the Multivariate (MV) Distribution

In our MV spatial model. one specification of the covariance-variance matrix
02 T'is given by decomposing T'as ' = Cor(Y) = I+p; H+ps V4 ps Cap, 3
Here Iis an identity matrix. H and V denote the corresponding (0.1) matrices with
1's for the horizontal and vertical neighbors. respectively. and C% and C denote
the corresponding (0.1) matrices with 1’s for corner neighbors in the directions
{(1,1),(-1-1)} and {(1,-1).(-1,1)}. respectively, and zeros elsewhere in all matrices.
The real data is equal distance (1.7 mile} lattice data with missing values. Under
this assumed correlation structure, the N(N — 1) correlation coefficients among
the N spatially scattered observations depend on the four parameters. pi, ps. pa.
and py. For some applications, first order spatial dependence is adequate, so
sometimes we will assume some of the p;’s to be zero.

A We will investigate the following schemes:

(1a) symmetric first order scheme, called 5, , 00, 1.€. p1 = p2 = p1, and p3 = py =
0 (Figure 4.1(1a}). The correlation matrix reduces to I' = I+ p;, (H 4+ V)
= I+ p1o W9, a function of the spatial dependence parameter py,. This
assumes row and column correlations are identical and diagonal correlations

are zero.

(1b) asymmetric first order scheme, called S, 5,00, 1.0 p3 = ps = 0 (Figure
4.1(1b)). The correlation matrix reduces to I' = I+ p; H + p, V. In this
scheme, I is a function of the spatial dependence parameters py and py. This
assumes row and column correlations are different and diagonal correlations

are Zero.

(2a) symmetricsecond order scheme, called S, 5, ,,5,,1.€. p1 = p2 = ps = pa = paa

(Figure 4.1(2a)). This includes more neighbors than {la) and (1b). The
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correlation matrix then takes the form of I' = I+ py, (H+V)+py, (CH4+CR)
= I+ p2. W) This assumes row, columun. and diagonal correlations are

identical.

(2b) asvmmetric second order scheme, called S, pp0s 160 p2 = p1 = pra,pa =
ps = pap (Figure 4.1(2b)). The correlation matrix reduces to I' = I+ p; (H+
V) + p3 (CH + C®) =14 p1 (H+ V) 4 pg (C 4+ C?)), & function of
parameters pi, and pg. This assumes row and column correlations are

identical but different from the identical diagonal correlations.

{2¢) asymmetric second order scheme, called S, 4,00, 1.6 ps = p3 = po. (Figure
4.1(2¢)). The correlation matrix reduces to I' = I+ p; H+py V4 pg (CH +
C(Q)). =I+pH+p2 V+po W2 This assumes unequal row and column

correlations with identical diagonal correlations.

(2d) asymmetric second order scheme, called S, papss 1.6 p2 = p1 = pog (Figure
4.1(2d)). The correlation matrix reduces to I' = I+ pgy (H+ V) +ps c) 4
04C = T4y WD 45 CU 45, CP) where W9 = W) This assumes

equal row and column correlations with different diagonal correlations.

(2e) asymmetric second order scheme, (Figure 4.1(2e)), called S, ,,5.,,- The
correlation matrix is I' = T+ py H + p, V 4+ ps € + 5, C®| & function
of the four parameters pi, pa, ps and ps. This assumes all row, column,
and diagonal correlations to be different. This is the most general case

considered.

B. Alternative specifications of the covariance-variance matrix of ¢TI that are

more directly related to distance are: py; =1

(1) pij = 047", for i # j (k= 1,2)

with no neighborhood constraint. This assumes that the correlations decay

81
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by the proportion of inverse distance or squared inverse distance for all

observations.

(2) piy = 0 for i # 5 (k= 1.2)
with (a) a first or (b) a second order neighborhood constraint. This is a
special case of (1) with neighborhood constraint. The correlations beyond

first or second order neighbors are assumed zeros.

(8) pyj = fexp(—dl), for i  j (k= 1.2)
with no neighborhood constraint. This assumes that the correlation decays
by the proportion of the distance exponent function which decays much

more quickly than the correlations (1).
(4) pi; = Oexp(—dfy), for i # j (k =1,2)
with (a) a first or (b) a second order neighborhood constraint.
The correlations beyvond the first or second order neighborhoods are assumed

Z€ros.
4.2 Constraints on the Phase 1 Model Parameters
Since I' must be positive-definite, there are restrictions on the possible values

of the correlation py, ps, p3, and ps for specifications A and B and 6§ for the

distance-related alternative.
Conditions: I' is a positive-definite matrix (a'T'a > 0 for all nonzero vectors a)

if it satisfies one of the following equivalent conditions
(i) Al eigenvalues of I are > 0.

(i1) All the upper left submatrices I'y have positive determinants.

0
o

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



(iii) Allthe pivots (without row exchange) satisfy d; > 0 (the d;’s are the diagonal
entries on the D matrix of A=LDU factorization where L is a lower triangular

matrix, D is a diagonal matrix, and U is an upper triangular matrix).

We discuss the parameter constraints for two cases: (a) a regular m X n
rectangular lattice and {b) a regular m x n rectangular lattice with holes (i.e. with

missing data). The plot locations s=(s1, s2) are ordered (I ,l1).... . (I, . u1), ([} +

Ll oo (0, + Loua), ooy (g D)y (0 ) where ) and w,, respectively

denote the smallest and largest of s, for sy = {{ ,... ,ul . [ = min{s;}, and

u, = maz{si}, i.e. the ordering starts with the west most column among all

location points, and is indexed from the bottom to the top of that column, and

then the following next right column (See Figures 3.4 and 3.5). Define n,, to be
m

the number of points for sy =1,... ,m,s0 N =57 n,,.

With either type of data lattice, the points can be ordered in the data vector

where [;, and wu;, denote the smallest and largest of 53 when s; = 1,... .m re-
spectively, and N =37 _ n,,.

4.2.1 Regular rectangular lattice

For an m x n lattice, the correlation matrix I' of scheme 5, ,,5.,, as an
illustration can be expressed as

where the notation @ denotes the Kronecker product. f, is a p x p identity matrix

and M, is a symmetric n X n matrix with M,(7,7) = 1if | i — j |= 1 and zeros

83
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elsewhere. Let A; and a; denote the eigenvalues of M,, and M, respectively. Then
the mn eigenvalues of I" are 1 4 p1 A + paa; + psr;a; (see Bellman 1970, pp.238).
Graybill (1983) provided the explicit form of the eigenvalues of a n x n Toeplitz
matrix with bandwidth 3 (which has constant diagonal. the element «;; depends

only on {1 — j) and the elements are zeros beyond the minor diagonal). The

eigenvalues of M,, are 2cos(-75) for t = 1,... ,n and hence the eigenvalues of T

are

gm ‘ oo, gm
VL dpacos ~05{
)+ /)30(m+1)50\n+1)

17T
) -+ 2p9c08(
m -+ 17 p2 ‘n 41

Aij = 14+ 2picos(
fori=1,...,mand 3 =1.... n. The matrix I is positive-definite if and only if
Aij > 0. For large m x n lattices, a sufficient condition for the positive definiteness
of T'is 2( p1 | + | p2 1) +4 | p3 |< 1 since the cosine functions in the eigenvalue
formula are bounded by 1 for large m and n.

The eigenvalues of the correlation matrices for the cases under A are listed
in Table 4.1. The alternative correlation matrix I' (described earlier) can be
expressed in the form of I'=I+ 6 W for all cases, where the elements w;; of W
take values of d:]"” or exp(—d};) for i # j and zero for i = j with no neighborhood
constraint; while for 1st or 2nd neighborhood constraints, w;; is zero beyvond
these Ist or 2nd neighbors. The alternative correlation matrix I' has a closed
form for the eigenvalues when using Ist or 2nd neighborhood constraints, but
has only a numerical solution for the matrix with no neighborhood constraint.
Assume that ay,... ,ax are the eigenvalues of W. Thus the eigenvalues of T" are

1+08a;,1+60ay,....1+8any. The eigenvalues of the cases under B are listed in

Table 4.1.
4.2.2 Regular rectangular lattice with holes

For the symmetric first order S,,,,00 in Figure 4.1 (1a) and second order

. in Figure 4.1 (2a) schemes as an illustration. the correlation matrix T

84
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can be rewritten as I'=I+ p W. Assume that Ay,... Ay are the eigenvalues of
W and the largest and smallest of X;'s are respectively denoted by A, and A;,.
Thus the eigenvalues of I are 1 + pAy 1 + pho.. .. 1 + pAy. We discuss the

following situations:

LI =1/ Aar < p < =1/ Dmins Anin < 0 and Apar > 0. then all eigenvalues
of T' are positive and hence I' 1s positive-definite. W is symmetric, and
so is I'. But we want —1 < p < 1, so that the constraint is modified to

max(*L _1/)‘771&93) <p< 777'7:}“(./17 —1//)\?7”'71)'

o

If p < =1/ Amin; Amin < 0 and Apge < 0, then —1 < p < min(l, -1/ Auin )
3. M =1/ Amar < Py Amin > 0 and Ao > 0, then maz{—1, =1/ ..) <p < 1.

For the other schemes. when the correlation matrix is a sparse matrix, group-
ing eigenvalues with similar values will keep problems manageable. But there is
no closed form of the constraints for positive definiteness for the regular lattice

data with holes.

4.3 Method of Moment Estimation

In the Phase 1 model (4.1), we only consider y; = u for Y}, so there are
at most 6 parameters, namely p, 07, p1, pa, p3, ps to be estimated for case (2e)
under A in Section 4.1. We discuss two methods of estimation for those 6 or fewer
parameters.

A. There are several methods of parameter estimation. but the method of
moment estimation (MOME) is commonly used. We first use MOME. Estimates

of p.'s change from (1a) to (2¢). The MOME estimates for the correlation schemes

(2e) with all four of the p;’s different in the correlation matrix I' = I+ py H +

D
<t
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p2 V + p3s C 4 5, C®) | are defined by

ql:’) ™
Il i
M fl
M s
N j M
! N
2 | %
3
- et
,Ev
[ w
&3
N S
ot e
— g

s1=1 sp=x1
. Y -Y1YH Y—'ﬁ) ‘
o= | - VH = (4.6)
g Zz 123 1 Hi 7
. (Y -Y1V(Y -V1) % e
P2 = “JS“\ ~ E’:’E‘ (41)
o Ltp=] Zj:l ‘7.] a
. (Y -Yiyct-2(y -y 4 ., .
pi = 2N N S(2) 52 =34 (4.8)
- Zi:1 Zj:l Cij
where n;’s are the number of sample points for s = 1,... ,m, N = > n;,
1= (1,...,1). H, and V respectively denotes (0,1) matrices for vertical, hori-

zontal neighbors, and C™ and C®) denote the corresponding matrices for corner

neighbors in the directions {(1,1),(-1,-1)} and {(1.-1),(-1,1)}.

Note that the expected values denoted by & are:

()= S S e = 2 3 Y =

8= 1.5')—1 s1=1 52:1

E(3 o Sl 2
BT AT Y S, { N AT N }
E(3) = po’+ —x JQN [Z; 127:;7 1V:J . 3?‘4(2)}
Zz—l Zj:l Vij N N
"y i—-2) =
5(,}{/) > Z 202 C(Z, . {Zz =1 Z:< 71 C( 4 ?\?A({)} 7 "= 3.4
1=1 =1
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where

Napy > Hi+p z Z Vij + ps Z Z CP+ps Z }: ¢y
. i i i P
3 h
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N N
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i=1 k=1
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=1 k=1

N N N N
1+ pm Z Hi; + p2 Z Vi; + p3 Z C}(jl) + P4 Z Cz'(f)
=1 j=1 i=1 J=1

2

As an illustration of the derivation of these expectations,
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where
N N
D] = 3 > ElYi— wHy(Y; — )]
1.1_\; j;\:l
- XYt
i=1 j=1
[ [N
E[Dz] - 6{ {szﬂ(yr"/})} l:z(} M#)]}
Ly N
= ¥ Zﬁz;gl—yQ—FZZZH;\Q (Y: — p)Y; ~;¢)]}
l:llﬂ:l =1 j#i k=1
N N N
= —i—{;;ﬁ*ﬂ o?) —I—;;HH, pro° ZHZJ—}-poG ZV‘J + p3o’ ZC’U
+pso’ Z Ci(])ﬂ‘
J
o?
— ?\7‘4(1)
N N N N
E[Ds] = k=t %fl H‘“’EHZ(M—M} [ZO@*MH
: i=1 1=1

izt Dy ity

1

Hkl
Zk =1 ._._JZ 1 07 A
N2

The approximations for £(p;), ¢ = 1,...,4, using a first order Taylor series

expansion are

= pi + b(p) (4.9)
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where the subscript 1 of by(p;), ¢ = 1,...,4, denotes the first order Taylor series
approximation to bias of ;.

In Eqns. (4.6) - (4.8). we used the overall mean in the covariance product.
Next, we use the individual directional means in the product. An alternative

MOME approach to 4, ¢t = 1,... .4 for cases A resulted in

y (Y -Y1)H(Y - Y1)
71 - Z]\/ Z/‘\/ H
=1 t7
= (Y ~ Vg )V(Y —?mm
2 = \
Z-':l Z =1
—Yi1)'CU-2(Y — Y i1
’K,’Z'/ = 2\) ( () ),,—~354
S Y, O
where
T 1IHY
= N N
21‘:1 Zj:l H‘ij
— IVY
Yig = N =N 1
Zi:l Z]’:1 75"éj
. lc(i’——Q) '&7‘
Yy = N N (zf )7 =34
Dot 2oy O
Thus
A
ﬁ;:}%.z-*:l,... 4

where &2 is defined as before.

B. In the following , we investigate the MOME for cases B with the alternative
correlation matrix I'=I+ 8 W for all cases, where the w;;’s for 2 % 7 might be d:f
or exp(—d¥) for k = 1. 2 with and without first and second order neighborhood
constraints. Once again, the alternative correlation matrix does not affect the

estimation of 4 and ¢%. The moment estimator of § is

(Y -YIYW(Y -Y1)
- a5 N N
g° E;\:] ijl Wiy

9

(4.10)

Iy

0
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where w;; = wj; and w;;=0 unless plots ¢ and j are neighbors via neighborhood
specifications and 'wl-j:d;-k or exp( »dfj) if plots 7 and 7 are neighbors.

C. Simulations: To assess some of these results, we conducted a simulation
of a population of a 10x10 lattice of points with p = 5, ¢? = 4, p; = 0.3, py =
0.15, p3 = 0.02, p4 = 0.01. The simulation gave the means of simulated p;’s to
be (0.2811,0.1302,-0.0012,-0.0011) for the previous MOMEs and (0.2805.0.1294 -
0.0027,-0.0126) for the alternative MOMEs. The absolute values of bias for the
p; from the alternative MOME approach are larger than those from the previ-
ous MOME. As mentioned in Chapter 3 for sample correlations, the alternative
approach for the cases under A is slightly worse than the original one since less
information is used in estimating p. Therefore, we will stay with the original
MOME which uses the overall mean in the product of covariances for cases A (see
Eqns. 4.6-6.8).

The moment estimations for other correlation schemes are similar to that for
scheme S, pypsps but the number of parameters are fewer. The estimators of u
and o? are based on all observations with equal weights and ignore distances (see
Equs. (4.4) and (4.5)). Hence, no benefit is derived from the different correlation
schemes and so the estimé,tes of those two yield the same ones for all schemes. As
to the estimates of p;, the moment estimations are modified to accommodate the
same correlations in different directions. For example, if horizontal and vertical
neighbors are assumed to have the same effect on the neighboring predictions,
then the spatial dependence coefficients between them are equal and the matrix
H in Eqn. (4.6) and the matrix V in Eqn. (4.7) are replaced by the matrix
W) = H+V. In so doing, more information is taken into account for estimating
one spatial correlation parameter in horizontal and vertical neighbors instead of
two parameters. Therefore, the estimate of the spatial correlation for horizontal

and vertical neighbors is expected to be more efficient. On the other hand, if
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effects of vertical and horizontal neighbors are not equal, it is not wise to assume
them to be equal. It is best to treat all 4 neighbors as having different effects on
neighboring predictions and then merge some neighborhood matrices in a sensible
way. Since the estimates of those two directional corner neighbors are generally
close, we assumed them to be equal. Scheme S, ,,,.,, assumes that py = py and

so the estimated p; for the neighborhood matrix is

(Y -Y1YC(Y - Y1) _ 4 i
p3 = 25N SN~ =5 (4.11)
6% 2 i Zai=1 Vij

where C=C) + C) denotes (0,1) matrices for corner neighbors.

N N
o’ 2{:1 Lj:l Cij 4 2 4(3%)
21\:1 z):l Cij N2 SN -

Moment estimation is the simplest method for estimating parameters, but it

E(7a) = PBUQ +

can fail to produce a positive-definite I'. To overcome the problem and to obtain
more efficient estimators, maximum pseudo-likelihood estimators will be derived

in the following section.

4.4 Maximum Pseudo-Likelihood Estimators (MPLE)

To obtain maximu likelihood estimation, we assume that the N observations
(Y1,....Yn) have been drawn from a multivariate normal distribution, MVN]|
i nxi, 02 I']. Then the Gaussian likelihood of Y = (Yi,....Yy), under Phase

1 assumpfions, is

where T =1+ pr H + p, V 4+ p3 CH 4+ p, C?). Then the log-likelihood of Y is

e

Hu, 0% pyi=1,..., = log (L(/,L.,O’Z,pg:i =1,... ,4_))

1

2

(Y = p)T7HY — p1)

2

N
= ——E—Zog(Zna ) — §Zog(| | AR
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Maximizing with respect to u and o2, we find that

1Ty o or Y — p)THY — p1)
1,1-‘,—-11 - YMLE T A

OarE =

The log-likelihood then reduces to

N N

N + ~ 23 l / »
i 74):—~7Zog(27rcr“)—-5[057&}}? ) — —

e

Qe
;S
i

ot

{)

< 4

The exact maximum likelihood estimation for the p;’s require evaluation of the
determinant and the inverse of the correlation matrix I' and 1t is difficult to get a
closed form for the estimators of the parameters, especially for lattice data with
holes. However, estimates can be obtained using numerical optimization. The
Newton-Raphson method is used. The moment estimates are used as an initial
starting guess if they succeed in getting a positive-definite correlation matrix;
otherwise we use 0 as a starting point. Then continue iterating until the likelithood
is maximized with a positive-definite correlation matrix constraint.

Let Hy and H, denote two hypotheses where Hy: all p;’s are zero vs. H,: not

all p;’s are zero. Thus the likelihood ratio (LR} statistic for testing the hypothesis

is
. . L(0, imrE. 6318
likelihood ratio = ———— \9. parre, AMLE‘) = Irt.
L(pg;’l =1,... 7k7/u'J\/ILE70-MLE\
where finrE, Oisrms and pi,i = 1,... , k, denote the ML estimators under Hy. If

the null hypothesis for the LR test is a model of independence, p;’s are zeros,
then —2log(irt) is x* distributed with the number of degrees of freedom given by
additional parameters estimated under H,.

For large samples, under Hy, —2log{lrt) ~ Y%, where k is the number of

{

quantities jointly estimated. At level a, if o > p-value = Pr[—2log(lrt) > xi(1 —
a)], then Hy is rejected. There is some evidence that this approximation is valid
for small lattice and non-lattice situations under different models. Haining (1977)

using simulation methods, constructed a first order symmetric SAR model against
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a model of independence. Haining (1978) compared a moving average model
against a model of independence. His simulation results suggest that the \*
approximation provides a reasonable guide for lattice sitnations. Brandsma and
Ketellaper (1979), however, suggest that the y? approximation is not satisfied for

non-lattice situations.

4.5 Results and Discussions

To see the bias and standard deviation of MOMEs and MPLEs, a simula-
tion study was conducted. We also apply the moment estimation and maximum

pseudo-likelihood estimation to real data for the Siuslaw Forest.
4.5.1 Results for simulated data for artificial or real locations

A simulation study was conducted to examine the behavior of moment es-
timation for parameters. Table 4.3 displays the means, standard deviations and
bias of estimated parameters for 10,000 realizations from the process with the true
values of u = 5,07 = 4,p; = 0.4,p3 = 0.2,p3 = 0.05. The bias approximation
is not good 1n the cases of either 5 artificial (integer-indexed coordinates of sites:
(1,1), (1,2), (2,1), (2,2), (3,1)) or real point locations (the first five sample plots

~in the Siuslaw Forest). As the number of sample location points increase, the
bias approximation works better. We also calculated the bias of 4; and p; for the
10,000 realizations. From Table 4.4, we note that the bias of 7; is close to the true
bias calculated by the formula, but the b;(p;) bias approximations do not work
well for small lattices.

For comparison of MOME and MPLE methods, 6,000 realizations for dif-
ferent size lattices and different parameter values were generated and then for

each realization moment estimates and maximum pseudo-likelihood estimates are

shown in Table 4.5.
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So far we only studied simulated data based on artificial or real locations in

the Siuslaw National Forest. In the following subsection we deal with real data.
4.5.2 Real data

There is an 1solated plot in the Forest which is on a little bit of Forest land
near the town of Dallas, Oregon, not near the rest of the Forest. The total
neighbors in the neighborhood matrices for the whole Siuslaw area (313 plots) are

respectively S0, SN Hy =414, T8 S0 vy = 4000 L S ¢ = 752,

Lewr=1 Lwsj=1 Lag=1 j=1

Sy, Z;\:l CSL) = 374, 1,7, }:J\;l C/',i(j'-z) = 378. In Section 3.3, we pointed out
that for Tha data there might be stronger sample spatial dependence for adjacent
corner neighbors than that for adjacent horizontal and vertical neighbors. Table
3.4 shows the sample correlations among adjacent horizontal, vertical neighbors,
and corner neighbors. We can see that there exists a stronger sample spatial
dependence among corner neighbors. This section examines spatial dependence
further using spatial model (4.3) with different correlation schemes. Next we apply
the moment and maximum pseudo-likelihood estimations to the Tha data fitted
by model (4.3).

We examine the model in two ways, with and without the isolated plot. The
results for moment estimation are summarized in Tables 4.6-4.11. The differences
in results between Tha data with and without the isolated plot are hardly noticed.
That’s because there’s no neighbors in the neighborhood of the isolated plot under
our neighborhood structure. Hence including the observation doesn’t affect the
results much. From Table 4.10, we can see that in scheme S, ,,,.,, with N = 312
the estimates of p; are respectively gy = —0.0146, 5y = 0.0320, 55 = 0.1802, and
g1 = 0.1170. As mentioned in Chapter 3 for sample correlations, spatial coeffi-

cients p.'s for the corner neighbors are larger than for the horizontal and vertical

neighbors. An important property of the matrix T' is the positive definiteness
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exhibited by all estimates of p; for Tha by MOME in Table 4.10. From Ta-
ble 4.6, under correlation schemes (2d) and (2e¢) we note that the MOME esti-
mate of spatial dependence py is close to zero and quite different from the other
estimated p;. Thus it might not be good to treat all p; equal like we did in
scheme (2a). Table 4.7 summarized the MOME estimates for M,: we can see
that p; = 0.0391. py = 0.0287, ps = 0.0229, and py = 0.1220. The C@ corner
neighbors have the strongest spatial dependence. With distance-related spatial de-
pendence function we expected that farther neighbors have less correlation than
closer neighbors. But the MOME results of M, contradict this, suggesting that a
spatial correlation function that decays with increasing distance may be invalid.

Table 4.12-4.17 summarized the result of PMLE for M, M,, Lt, Lt,, Tha,
and Tha,. In order to obtain PMLE, normality 1s assumed. For Tha, as shown
in Table 4.16, there is a stronger spatial dependence among corner neighbors
than the other directional neighbors. But the PMLE estimates of p;’s are only
slightly different from the MOMEs in Table 4.10. We mentioned in Chapter 3 that
Tba corner neighbors seem to have larger sample correlations than horizontal and
vertical neighbors. As expected, Table 4.16 verifies this based on the MV N model.
The PMLE estimates for M, shown 1in Table 4.13 are similar to MOME estimates.
Both MOME and PMLE for p;’s of M, point out that the distance-related spatial
dependence function doesn’t work well for M, data.

The results of distance-related correlation schemes (i.e. cases B) for Tha are
summoarized in Table 4.18. We note that the estimates of § are exactly the same
for (2a) for different k-values. This is because of equal distance between neighbors
included in the neighborhood of scheme case B(2a). Similarly, the estimates of
fs are the same for (4b) with k = 1 and k& = 2. But the estimated correlation of
first order neighbor (2a) is p;; = éd;ﬁ, fpr 1 # j (k=1.2), and the maximum of

pi; = 0.0060, the same as those of (4a). The estimates coincide with the estimates
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of case A(la), S, 500 (see Table 4.16 (1a)). Distance-related correlations don’t
benefit the estimation of correlations because the neighbors are equal-distance un-
der schemes (2) and (4) with a 1st order neighborhood constraint. With distance-
related correlations (1) and (3) of case B use all the neighbors, but combining one
parameter with known distance functions compromises the balance of more infor-
mation and simplicity of parameterizations. The alternative correlation schemes
give less weights to far apart neighbors than to closer neighbors; which means
more weights to horizontal and vertical neighbors than to corner neighbors. As
mentioned earlier, for Tha the spatial correlation for corner neighbors are larger
than those for the horizontal and vertical neighbors. A distance-related correlation
is not compatible with this situation and so it might jeopardize the predictions

for Tha.
4.5.2.1 Model selection

Arranging the observations in sequence is very important to minimize ac-
cumulated prediction errors, and is difficult to generalize in the spatial context.
A reliable model selection criterion 1s crucial. For prediction purposes, a model
is often chosen in the sense of the minimum root mean squared prediction error
(RMSE). This can be achieved by the apparent prediction error, k-fold cross-
validation, or by bootstrap methods such as the simple bootstrap, leave-one-out
and .632 bootstrap. We demonstrate the estimates of the prediction errors for
several criteria. Akaike (1978) and Schwarz (1978), introduced equivalent con-
sistent model selection criteria conceived from a Bayesian perspective. Schwarz
derived SIC for selecting models in the Koopman-Darmois family, whereas Akaike
derived his model selection criteria BIC for the problem of selecting a model in
linear regression. For time series, models are often selected using the Akaike in-

formation criterion (AIC), AICC in which the last C suffix indicates a correction
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version of AIC, or Bavesian information criterion (BIC). The criteria are:

AIC (2.6%) = =204, 6% pii=1.... k) + 20k +1)
AICC (2, 6%) = —2Up, 6% pai=1.... k) +20k + DN/(N =k =2)
BIC (4.6%) = —2U(j,6%.pii=1,... k) + (k+ Din(N)

where [(fi,6% piii = 1.... . k) = —Slog(275?) — Llog{| T |} — &. One can think
of the second terms in the three criteria above as penalty terms to discourage
over-parameterization. If N is quite large, the penalties of AIC and AICC are
about the same, but the BIC criterion penalizes over-parameterization more than
the other two.

The following is a description of the approaches compared. The simple boot-
strap approach generates b bootstrap samples, estimates the model for each and
then applies each fitted model to the original sample to give b estimates of pre-
diction error. The estimate of the overall prediction error 1s the average of these b
estimates. The observations y,’s are treated as assumed 1.1.d components, which is
not necessarily so for spatial data. Ignoring significant correlation among spatial
data could lead to chosing the wrong model by prevalent model selection criteria.
If there is spatial dependence among the data, then the observations y;’s should
not be treated as independent samples.

A semiparametric bootstrap method does consider spatial dependence among

the data. Suppose spatial data follows the linear model
Y = u+ Be (4.12)

where Y = (Vi,...  Yn), p=lpy. ... .pn) T =T4p H4p, V4ps CH 4, CP) =

B'B, e ~ MVN(0, ¢? I). The model can be expressed as
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where B~ =1 — M and M = (my;).

If a symmetric and positive-definite estimator I' of T has been obtained from
the data. it can be decomposed as the matrix product I' = BB. From (4.12),
define
N)=é=BHY - p).

Oy
N>

(1,....

and £; = & — (Z?zl &/N),i=1,...,N. Instead of resampling from the observa-

tions y;'s, the assumed 1.1.d components &; are bootstrapped. For each bootstrap

sample £, transformation back to the y; is calculated by
Y = i+ Be™.

Then the model is refitted to the bootstrap Y™ and the estimates from each
bootstrap sample are applied to the original samples so the average of b prediction
errors is adopted to estimate the overall prediction error.

In leave-one-out cross validation (1CV) which is k-fold cross validation with
k=1, one observation is omitted at a time in turn and for each omission the fitted
model is applied based on the remaining sample to predict the outcome. The
average of errors made in these N predictions is the estimate of the prediction
error.

For the simple bootstrap and semiparametric bootstrap methods, 30 boot-
strap samples were generated to display the behavior of the different estimation
procedure for different correlation matrix schemes. The means and standard de-
viations of the estimated parameters for 30 bootstrap samples were computed to
get a better idea about the error range of the estimated parameters.

The objective of seeking improvement in RMSE, AIC, AICC, and BIC through
bootstrapping was to obtain better estimates of those four statistics. Figure 4.2
shows the behavior of the different estimation procedures for different correlation

schemes. The RMSEs of Tha fitted by spatial model (4.3) were estimated using
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1-fold cross-validation for those 33 plots with all 8 neighbors. For Tha, the esti-
mated RMSEs for model (4.3) with different correlation schemes ranged from 19.6
to 20.1. The model with correlation scheme S, ,, 4., has the smallest RMSE. For
the graphs of AIC, AIC. and BIC. we note that the values drop abruptly when
the neighborhood distance increases up to the second order neighborhood. This
implies the second order neighborhood works better than the first order neigh-
borhood. Due to overparameterization. the values for correlation scheme S, ,,,.,,
go up again. To balance reduction of RMSE and simplicity of models, the model
(4.3) with correlation scheme S, , ,,,, Was selected for the Tha data.

To estimate prediction errors of individual plots, we applied simple boot-
strap and semiparametric bootstrap methods to the suggested model. The results
based on 400 bootstrap samples are depicted in Figure 4.5 and the o and A indi-
cate respectively the ratios from semiparametric bootstrap and simple hootstrap
methods. The upper graph in Figure 4.5 is the ratios of sample deviation of the
prediction errors relative to the sample mean of the prediction errors for each plot.
The A\’s are hidden in the band on Figure 4.5. This implies the ratios from simple
bootstrap samples are close to 1 mostly. We can see that several o’s fall outside
the band. So the semiparametric bootstrap method is more sensitive to detect
the prediction errors for some hard-to-predict plots. The lower graph in Figure
4.5 is the ratios of sample deviation of the b = 400 prediction errors relative to
the sample mean of the b = 400 predictions for each plot.

For seedlings, there are many zeros among data for several variables. Such
data with numerous zeros need to be handled differently. For Tha,, a possible
explanation for the large number of zeros might be the fact that lots of plots don’t
have any seedlings with a DBH of 1.0” or more. This phenomenon can be handled
by a two-component mixture distribution with one degenerated at 0 and the other

non-negative distribution. In a subsequent chapter, we will incorporate spatial
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dependence in the mixture models for count data such as mortality, mortality of

seedlings, number of large live trees (Tha), and Tha of seedlings.
4.5.2.2 Conclusions

The simple spatial model distributional assumption: it models only first and
second order moments. Yet if is adequate to enable us to define a simple p}:é—
dictor introduced in Chapter 5. Among the six responses, all except for Tha are
clearly nonnormal. Various transformations, such as power and three-parameter
lognormal were tried on the data with limited success. Data that is mixed in the
sense of being partly discrete and partly continuous can not be transformed so as
to be totally continuous, so it is not possible to transform several of our response
variables, which have significant mass of zeros, to normality. The modeling of
such mixed data is delayed until Chapter 6.

Model selection criteria are usually based on an assumed distributional model.
The distributional model assumed here was the multivariate normal. Under such
assumption we were able to obtain pseudo maximum likelihood estimators, do
some model selection among competing spatial models, and assess prediction er-
rors.

We found for the Tha data, there is not much difference among the RMSEs
obtained from various model selection criteria. Therefore, we chose the model
with the minimum AICC value for Tha data, i.e. the model with the correlation
matrix scheme S, papes P1 = p2 = 0.0027 and ps = py = 0.1332. To obtain a
reliable prediction error for each 1-ha plot, we used two bootstrap methods, a
simple bootstrap and a semiparametric bootstrap based on the selected model.
Since there exists second-order spatial dependence among Tha data, the simple
bootstrap may be not reliable. As shown in Figure 4.5, in spite of the fact that

the simple bootstrap prediction errors for each plot are lower than those of the
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semiparametric bootstrap method, the semiparametric bootstrap prediction errors
are recommended since it allows for spatial dependence among the data.

For the other response variables there is little difference in the prediction
errors between the simple bootstrap and semiparametric bootstrap methods. This
is probably ture because there is little spatial dependence. Hence it is maybe
ok to use the simple bootstrap method since it 1s less time-consuming than the
semiparametric bootstrap method.

In summary. the models discussed in this chapter used different correlation
schemes based on lattice data with or without holes. Since the non-distance based
models were based on the 1.7-mile plot data, they don’t allow for prediction of
the response variable for non-sampled plots, for example on the 0.85-mile grid.
Such models can only make predictions for individual plot responses for non-
sampled plots on the 1.7-mile grid. Distance-related correlations can be used fo
overcome this problem, we investigate distance-related correlation schemes in the

next chapter.
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Figure 4.1: The correlation matrix schemes

IOl-:; !02'
pra * pua pr % opr
£1q p2
(1a). symmetric first order scheme (1b). asymmetric first order scheme
(SPMMOU) (591/9200)
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(2a). symmetric second order scheme
q
(Sorprpi0n)

P25 Pla P2k P2 P2 P2
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P26 Pla Pob Poc P2 Pac

(2b). asymmetric second order scheme (2c¢). asymmetric second order scheme

(Soipipzrs) (Sp1p2ps0s)
ps P2 P3 ps P2 P
p2d X pad pir X oy
p3 pad P4 p3 p2 Py
(2d). asymmetric second order scheme (2e). asymmetric second order scheme
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Table 4.1: The eigenvalues of I' for m x n lattices
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Eigenvalues A;;

Sppoo | 14+ 2p1a[cos( =)+ cos( _H)]

Serpsoo | 14 2[prcos(FEg) + pacos(;)]

Sepmm | 14+ 2p2 [(os( )+ cos( - 1) + 2cos( +1)COS(57+W1 1]

Spipipaps | 1+ 2[p1a(c05( )+ Coc( ) + 2papcos( - +1).cos(nj+1 )]

Spvoapare | L+ 2[prcos(ZE5) + pocos( ) + 2pecos(c H‘)COQ(];Tl )]

Sorprpses | L+ 2[paa(cos(ZFs )+ cos (rq)) + PBCOQ(mH + n+1) + mcos(ﬂfil - ,zJJ:l ]

S o1 o paps 1+2[p1(cos(ﬂfil) +cos(n+1\)—L pacos( =5y + 7 ) +p4605(;,%f - ?i_,;f)]
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Table 4.2: The eigenvalues of alternative correlation schemes of I for m xn lattices

Eigenvalues A;;

(1)k=1 | no closed form
(1)k =2 | no closed form

] ﬁ - /7r+l>+60qvn—4—l)
A -
(2a) k = L+ 55y z0[cos(0) + cos(y)]
(2b) k=1 1+ né[cos’(mﬂ)q—cm(nﬂ ) + 2cos( mH}co ( 1)]
(2b)k=2 + e ,,) 70cos(;25) + cos(;Hy) + cos( g ) cos (15 )]

(3) 1 | no closed form
(3) k=2 | no closed form

(4&) E=111+ ( )9[C08(m+1> + cos (n—:l)]

exp

() k=2 | 1+ —pyfleos(r) + cos(347)]

(4byk =11+ ezp;“)l‘l.}ﬁ{cos(,rifl') + coc( ) 4+ v2¢os( cob(n“)}

(4b) k=2 | 1+ iy bleos(755) + cos( T+ o ( iy )eos(y)]
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Table 4.3: The means and standard deviations of 10,000 estimated parameters
from the 10,000 realizations with p =5, 0% =4, p; = 4, py = .2, p3 = .05 for the
artificial or real locations points

~ )

! f G” b1 P2 P3

mean mean mean mean mean

(s.d.) (s.d.) (s.d.) (s.d.) (s.d.)

b() b(6?) bi(pr)  bilpa)  bilps)

artificial 5 points | 5.0029 27017  -0.0626 -0.2611 -0.3700
(1.1363) (2.0419) (0.4884) (0.6159) (0.4168)

. 0.0000 -1.3600 -0.3445 -0.4500  -.4894
real 5 points 4.9997  3.0556  NAY  _0.1318  -0.2503
(0.9716) (2.1711) (NAM)  (0.4820) (0.8470)

real 24 points 4.9981 3.7838 0.2612  0.1261  -0.0068
(0.4650) (1.1599) (0.5109) (0.2984) (0.3878)

real 43 points 5.0006 3.8537 0.3211 0.1452  -0.0021
(0.3848) (0.9048) (0.2414) (0.1918) (0.1771)

real 98 points 4.9982  3.9341 0.3632  0.1688 0.0336
(0.2712)  (0.6232) (0.1334) (0.1264) (0.1089)

0.0000  -0.0173 -0.0169 -6.0177 -0.0217

real 190 points 4.9994  3.9629 0.3753 0.1793 .0392
(0.1963) (0.4395) (0.0837) (0.0917) (0.0738)

real 319 points 4.9980 3.9743 0.3808 0.1845 0.0436
(0.1549) (0.3597) (0.0629) (0.0722) (0.0567)

0.0006  -0.0239  -0.0048 = -0.0057 -0.0065

b(.) denotes the true bias of estimators and b;(.) denotes the bias from Taylor approxi-
mation through first order.

1 "NA” indicates the estimate p; is not available because there is no first-order horizontal

neighbor among the first five sample plot points in the Siuslaw Forest (see the points in the west

and south coner of Figure 3.5).
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Table 4.4: The means and standard deviations of 10.000 estimated parameters
from the 10,000 realizations with y =5, 6% =4, p; = .3, po = .15, p3 = .02, py =
.01 for the artificial points

f 5 p1 p2 p3 P4
mean mean mean mean mean mean
(s.d.) (s.d.) (s.d.) (s.d.) {s.d.) (s.d.)
pb(a) 0?4067 prtbilp) prrbilpe) ezt bi(ps)  pat bi(ps)

3x2 5.0162 2.9779 -0.0401 -0.1661 -0.3096 -0.3236
(1.0140)  (1.9605)  (0.4206)  (0.5380)  (0.5013)  (0.5957)
5.0000 -1.0467 -0.2718 -0.3012 -0.3721 -0.3734
10x10 | 5.00486 3.9268 0.2801 0.1308 -0.0021 -0.0101
(0.2692)  (0.6203)  (0.0958)  (0.1085)  (0.1196)  (0.1174)
5.0000 3.9257 0.2862 0.1336 0.0006 -0.0097

b(%1) b(%2) b(¥s) b(%s)

bs (fl\f bs (ﬁ’?) bs (’?3) bs ('34)
3x2 -1.1167 -1.0466 -1.1200 -1.1133
-1.1395 -1.0898 -1.1287 -1.1060
10x10 -0.0807 -0.0773 -0.0814 -0.0741
-0.0767 -0.0756 -0.0779 -0.6779

b(.) denotes the true bias of estimators, by (.) denotes the bias from Taylor approximation through
first order, and b,(.) denotes the bias from the means of 10,000 estimated parameters.

Table 4.5: The means and standard deviations of 6,000 estimated parameters from
the 6,000 realizations with p = 5, 0% = 4, p,
the artificial points

3, pg = .15, p3 = .02, py = .01 for

Iz &7 P1 P2 p3 P4
mean mean mean mean mean mean
(s.d.) (s.d.) (s.d.) (s.d.) (s.d.) {s.d.)
3x2
MOME | 5.0060 2.9436  -0.0405 -0.1460 -0.3218  -0.3319
(1.0126) (1.9417) (0.4188) (0.5401) (0.5945) (0.5960)
PMLE | 5.0023 2.4343  -0.1118  -0.1144  -0.2062 -0.2119
(1.0781) (1.9048) (0.3335) (0.4510) (0.3391) (0.3391)
10x10
MOME | 5.0021 3.9405 0.2801 0.1268  -0.0015 -0.0117
(0.2689) (0.6067) (0.0958) (0.1085) (0.1168) (0.1176)
PMLE 5.0016 3.8328 0.2545 3.1170 -0.6046  -0.0137
(0.2682) (0.5383) (0.0682) (0.0936) (0.0912) (0.0910)
106
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Table 4.6: Moment estimates of 1, 0%, p1, pa. ps. and pg for the M data under the
correlation schemes {1a)-(2e)

The number of plots with the isolated plot
(N=313)

i 6 p1 P2 p3 Pa |
(la) | 62.75 4536.76 0.1534 0.1534
(1b) | 62.75 4536.76 0.1363 0.1711
(2a) | 62.75 4536.76 0.1016 0.1016 0.1016 0.1016
(2b) | 62.75 4536.76 0.1534 0.1534 0.0455  0.0455
(2¢) | 62.75 4536.76 0.1363 0.1711 0.0455  0.0455
(2d) | 62.75 4536.76 0.1534 0.1534 0.1180 -0.0263
(2e) | 62.75 4536.76 0.1363 0.1711 0.1180 -0.0263

The number of plots without the isolated plot
(N=312)

[ & P1 P2 Ps Ps |
(la) | 62.89 4544.73 0.1532 0.1532
(1b) | 62.89 4544.73 0.1361 0.1709
(2a) | 62.89 4544.73 0.1014 0.1014 0.1014 0.1014
(2b) | 62.89 4544.73 0.1532 0.1532 0.0455  0.0455
(2¢) | 62.89 4544.73 0.1361 0.1709 0.0455 0.0455
(2d) | 62.89 4544.73 0.1532 0.1532 0.1180 -0.0262
(2e) 1 62.89 4544.73 0.1361 0.1709 0.1180 -0.0262

The correlation matrix schemes are

(1a) p2=p1, ps=ps=20, (1b) p1 # p2, p3 = ps =0,
(2a) pi=p1,1=2,3,4, (2b)pa=p1, p3=pa.

(2¢)  p1# p2, pa=ps. (2d) p2=p1, p3 # pa,

(2¢) pni=1,...,4.

107

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 4.7: Moment estimates of u, ¢*, p1. pa. p3. and py for the M, data under
the correlation schemes {la)-(2e)

The number of plots with the isolated plot
(N=313)

i & 1 P2 ps fa
(la) | 12.54 1633.88 0.0341 0.0341
(Ib) | 12.54 1633.88 0.0393 0.0287
(2a) | 12.54 1633.88 0.0525 0.0525 0.0525 0.0525
(2b) | 12.54 1633.88 0.0341 0.0341 0.0727 0.0727
(2¢) | 12.54 1633.88 0.0393 0.0287 0.0727 0.0727
(2d) | 12.54 1633.88 0.0341 0.0341 0.0230 0.1220
(2e) | 12.54 1633.88 0.0393 0.0287 0.0230 0.1220

The number of plots without the isolated plot
(N=312)

f & P P2 P3 Pa
(la) | 12.38 1638.62 0.0340 0.0340
(1b) | 12. 1638.62 0.0391 0.0287
(2a) | 12.58 1638.62 0.05253 0.0525 0.0525 0.0525
(2b) | 12.58 1638.62 0.0340 0.0340 0.0725 0.0725
(2c) | 12.58 1638.62 0.0391 0.0287 0.0725 0.0725
(2d) | 12.58 1638.62 0.0340 0.0340 0.0229 0.1220
(2¢) | 12.58 1638.62 0.0391 0.0287 0.0229 0.1220

The correlation matrix schemes are

(la) pa=p1, p3=pa=0, (1b) p1 # p2. p3 = pa = 0,
(2a) pi=p1.1=2,3.4, (2b) p2 = p1, p3 = pa,

(2¢)  p1 # p2, pa=p3, (2d) p2= p1, p3 # pa,

(26) ,O.Z',‘I::l,...,-’l.
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Table 4.8: Moment estimates of i, o2, p1, pa. p3, and py for the Lt data under the
correlation schemes (1a)-{2e)

The number of plots with the isolated plot
(N=313)

f &* 1 P2 Ps P1
(la) | 367.64 72091.52 0.1067 0.1067
(1b) | 367.64 72091.52 0.0947 0.1190
(2a) | 367.64 72091.52 0.0760 0.0760 0.0760 0.0760
(2b) | 367.64 72091.532 0.1067 0.1067 0.0429 0.0429
(2¢) | 367.64 72091.52 0.0947 0.1190 0.0429 0.0429
(2d) | 367.64 72091.52 0.1067 0.1067 0.0727 0.0133
(2¢) | 367.64 72091.52 0.0947 0.1190 0.0727 0.0133

The number of plots without the isolated plot
(N=312)

i g? P1 2 £3 Pa
(1a) | 367.36  72298.19 0.1064 0.1064
(1b) | 367.36 72298.19 0.0945 0.1187
(2a) | 367.36 72298.19 0.0758 0.0758 0.0758 0.0758
(2b) | 367.36  72298.19 0.1064 0.1064 0.0427 0.0427
(2¢) | 367.36  72298.19 0.0945 0.1187 0.0427 0.0427
(2d) | 367.36  72298.19 0.1064 0.1064 0.0725 0.0132
(2e) | 367.36  72298.19 0.0945 0.1187 0.0725 0.0132

The correlation matrix schemes are

(la) p2=p1, p3=pa=0, (16) p1 # p2, p3 = ps = 0,
(2a) pi=p1,i=2,3.4, (20)p2=p1, p3= pa,

(2¢) p1# P2 pa=p3. (2d) p2= p1, p3 F pa.

(2¢) pii=1,...,4.
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Table 4.9: Moment estimates of u. o2, p1, pa, p3, and py for the Lt, data under
the correlation schemes (la)-(2e)

The number of plots with the isolated plot

(N=313)
i & fr p2 P3 2
(la) | 200.84 128986.53 0.2654 0.2654 |
(1b) | 200.84 128986.53 0.2300 0.3022
{(2a) | 200.84 128986.53 0.2389 0.2389 0.2389 0.2389
(2b) | 200.84 128986.53 0.2654 0.2654 0.2101 0.2101
(2¢) | 200.84 128986.53 0.2300 0.3022 0.2101 0.2101
(2d) | 200.84 128986.53 0.2654 0.2654 0.3957 0.0265
(2e) | 200.84 128986.53 0.2300 0.3022 0.3957 0.0265
The number of plots without the isolated plot i
(N=312)
1 & p1 p2 ps 2

{la) | 198.81 128113.63 0.2671 0.2671

{1b) | 198.81 128113.63 0.2315 0.3040

(2a) | 198.81 128113.63 0.2402 0.2402 0.2402 0.2402
b) | 198.81 128113.63 0.2671 0.2671 0.2161 0.2101
c) | 198.81 128113.63 0.2315 0.3040 0.2101 0.2101
d) | 198.81 128113.63 0.2671 0.2671 0.3982 0.0261
e) | 198.81 128113.63 0.2315 0.3040 0.3982 0.0261

e

[N NI (VA ]

The correlation matrix schemes are

po = p1, p3 = pa =10, (1b) p1 # pa, p3 = pa =0,
pi=p1.i=2,3,4, (2b)p2=p1, p3 = pa,
p1# P2, pa=ps, (2d) pa = p1, p3 F pa,
pit=1,...,4.

R e e N
N oo

8
e e
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Table 4.10: Moment estimates of i, 0%, p1. ps. p3. and py for the Tha data under
the correlation schemes (1a)-(2e)

The number of plots with the isolated plot
(N=313)

p &’ P1 P2 P3 Pa
(la) | 43.30 590.40 0.0083 0.0083
(1b) | 43.50 590.40 -0.0147 0.0321
(2a) | 43.50 590.40 0.0758 0.0758 0.0758 0.0758
(2b) | 43.50 590.40  0.0083 0.0083 0.1489 0.1489
(2¢) | 43.50 590.40 -0.0147 0.0322 0.1489 0.1489
(2d) | 43.50 590.40  0.0083 0.0083 0.1808 0.1173
(2e) | 43.30 590.40 -0.0147 0.0322 0.1808 0.1173

The number of plots without the isolated plot
(N=312)

t &* A1 P2 p3 P4
(1a) | 43.47 592.06 0.0083 0.0083
(1b) | 43.47 592.06 -0.0146 0.0320
(2a) | 43.47 592 06 0.0756 0.0756 0.0756 0.0756
(2b) | 4347 592.0 0.0083 0.0083 0.1484 0.1484
(2¢) | 4347 592 06 -0.0146  0.0320 0.1484 0.1484
(2d) | 43.47 592.06 0.0083 0.0083 0.1802 0.1170
(2e) | 43.47 592.06 -0.0146 0.0320 0.1802 0.1170

The correlation matrix schemes are

(la) p2=p1, p3=ps=0, (1b) p1 # p2, ps = p2 =0,
.a) pi=p1,1=2,3.4, (2b) pr = p1, p3s = pa.

) p1LF P2 pa=pa, (2d) p2 = p1, p3 F pa

e) pit=1,....4.

""\f‘*\

2c
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Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Table 4.11: Moment estimates of . 2. p1, p2. p3, and py for the Tha, data under
the correlation schemes (la)-(2e)

The number of plots with the isolated plot
(N=313)
g e p1 P2 Pa P4
(1a) | 0.23 0.27 0.2701 0.2701
(1by 1 0.23 0.27 0.2243 0.3175
(2a) | 0.23 0.27 0.2226 0.2226 0.2226  0.2226
(2b) | 0.23 0.27 0.2701 0.2701 0.1713  0.1713
(2¢) 10.23 0.27 0.2243 0.3175 0.1713  0.1713
(2d) ] 0.23 0.27 0.2701 0.2701 0.3537 -0.0092
(2¢) 10.23 0.27 0.2243 0.3175 0.3537 -0.0092
The number of plots without the isolated plot
(N=312)
p 4’ p1 P2 P3 Pa
(la) 1 0.23 026 0.2726 0.2726
(1b) 1 0.23 0.26 0.2264 0.3203
(2a) 1 0.23 0.26 0.2226 0.2226 0.2226  0.2226
(2b) | 0.23 0.26 0.2726 0.2726 0.1725  0.1725
(2¢) 10.23 0.26 0.2264 0.3203 0.1725 0.1725
(2d) 1 0.23 0.26 0.2726 0.2726 0.3568 -0.0099
(2¢) ] 0.23 0.26 0.2264 0.3203 0.3568 -0.0099

The correlation matrix schemes are

(la) p2=p1, p3=ps=10, (1b) p1 5 p2, p3 = p1 =0,
(2¢) pi=p1, 1 =234, (2b) p2 = p1, p3 = pa.

) pLF P2, pa=p3, (2d) p2 = pus p3 F pa,

Vo opni=1,....,4

2¢
(2e
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Table 4.12: Maximum Pseudo-likelihood estimates (PMLE) of p, o7, p1, pa, pa,
and py for the M data under the correlation schemes (1a)-(2e)

The number of plots with the isolated plot (N=313)
[1. o ,9] ,02 p3 /94 P AIC AICC BIC
value
(1a) | 63.0 4533.55 0.1600 0.1600 §.001 3516.08 3516.12 3523.57
(1b) | 63.0 4533.79 0.1620 0.1582 0.003 3518.08 3518.16 3529.32
(2a) | 63.4 454552 0.1250 0.1250 0.1250 0.12530 |} 0.001 = 3517.11 3517.15 3524.60
(2b) | 63.4 4613.25 0.2122 02122 0.0046 0.0946 | 0.001 3515.08 3515.16 3526.32
(2¢) | 63.4 4617.91 0.2295 0.1968 0.0957 0.0957 | 0.002 3516.94 3517.07 3531.92
(2d) | 63.9 4609.32 0.2000 0.2000 0.2136 0.0072 || 0.000 3512.94 3513.07 3527.92
(2e) | 63.9 461517 0.2074 0.1982 0.2133 0.0098 | 0.001 3512.92 3513.05 3327.91
The number of plots without the isolated plot (N=312}
P &2 M D fs fa - AIC AICC BIC
value

| (1a) | 62.2 4541.85 0.1602 0.1602 0.001 3505.37 3503.37 3512.85
(1b) | 62.2 454211 0.1623 0.1583 0.003 3507.36 3507.44 3318.59
(2a) | 63.6 4553.32 0.1250 0.1250 0.1250 0.1250 | 0.001 3506.38 3506.42 3513.87
{2b) | 63.5 4631.84 02115 021156 0.0917 0.0917 | 0.001 3494.01 3494.09 3505.23
{2¢) | 63.7 462743 0.2301 0.1972 0.0961 0.0961 || 0.002 3506.20 3506.33 3521.18
(2d) | 63.2 4617.85 0.2000 0.2000 0.2142 0.0071 }} 0.000 3502.19 .3502.33 3517.17
{2¢) | 64.2 4624.66 0.2078 0.1986 0.2139 0.0100 | 0.001 3502.18 3502.31 3517.15

The correlation matrix schemes are

(

(
(
(2

la)

2(1) ;0:,013:234&
2¢)  p1# p2, pa = P,
€) pnt=1...,4

(20) p2 =

113

p2=p1, pa=pa =0, (1b) p1 # p2, p3 = ps = 0,
P1, P3 = p4.
(2d) p2 = p1, p3 # pa,
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Table 4.13: Maximum Pseudo-likelihood estimates (PMLE) of u. o,

and py for the M, data under the correlation schemes (laj-(2e)

Pis P2, P3.

N The number of plots with the isolated plot {(N=313)

value
{(1a) | 12.6 1633.66 0.0301  0.0301 0.52 3207.64 3207.68 3215.13
(Iby | 125 1633.77  0.0402  0.0202 v 0.80 3209.61 3209.69 3220.85
(2a) | 12.6 1632.08 0.0405 0.0405 0.0405 0.0405 0.21 320648 3206.52 3213.97
(2by | 12.5 1631.71 0.018 0.0186 0.0583 (0.0583 0.40 3208.22 320830 3219.46
(2c) | 125 163237 0.037 0.0022  0.0600 0.0600 0.58 3210.09 3210.22 3225.07
(2d) | 12.6 164561 -0.0283 -0.0283 -0.0063 0.1690 0.30 3208.43 3208.55 3223.41
(2e) | 12.5 1647.75 0.0031 -0.0574 -0.0122 0.1743 0.39  3207.95 3208.08 322294

The number of plots without the isclated plot (N=312)

/1 (3"2 ;51 ﬁg /33 ,54 P AIC AICC BIC

value
(la) { 12.6 1638.40 0.0302 0.0302 0.52 3198.31 3198.34 3205.79
(1b) | 12.6 1638.51 0.0404 0.0202 0.80 3200.28 3200.36 3211.51
(2a) | 12.6 1636.83 0.0406 0.0406 0.0406 0.0406 0.21 3197.15 3197.19 3204.63
(2b) | 12.7 1641.18 0.0183 0.0183 0.0602 0.0602 0.39 3189.48 3189.56 3200.70
(2¢) | 12.6 1637.14 0.0379 0.0022 0.0602 0.0602 0.58 3200.76 3200.89 3215.73
(2d) | 12.7 1650.80 -0.0288 -0.0288 -0.0065 0.1700 0.30  3199.08 3199.21 3214.05
(2¢) | 12.6 165291 0.0027 -0.0578 -0.0125 0.1752 0.39 3198.61 3198.74 3213.58

The correlation matrix schemes are

la)
2a)
2¢

(
(2
(2¢)
(2¢)
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p2 = p1, p3 = ps =0, (10) p1 ¥ p2, p3 = pa =0,
pi = p1, 1 =2,3.4, (2b) p2= p1, p3 = pa,

p1 F P2: P4 = p3,
pit=1,....4.
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Table 4.14: Maximum Pseudo-likelihood estimates (PMLE) of u, o2, py1, pa. ps,

and p4 for the Lt data under the correlation schemes (1a)-(2e)

The number of plots with the isolated plot (N=313)

il &? f1 pn P pa p- AIC  AICC BIC

value
(la) | 366.7 71900.7 0.0815 0.0813 0.06 4389.8 4389.8 4397.3
{Ib) | 366.7 T1895.3 0.0769 0.08355 0.17 4391.8 4391.9 4403.0
{2a) | 367.9 719245 0.0591 0.0591 0.0591 6.0591 0.07 4390.1 4390.1 4397.6
(2b) | 367.3 71915.3 0.0868 0.0868 0.0322 0.0322 0.13 4391.3 43914 44026
{2¢) | 367.3 71907.9 0.0807 0.0921 0.0326 0.0326 | 0.26 43933 43935 44083
(2d) | 367.2 71882.7 0.0847 0.0847 0.0551 0.0038 0.24 43931 4393.3 4408.1
{2¢) | 367.1 71877.5 (0.0739 0.0936 0.0581 0.0017 0.37 4393.1 4393.2 44081

The number of plots without the isolated plot {(N=312)

i . ) n 7 Ga b~ AIC AICC  BIC

value
{la) | 366.4 72109.5 0.0817 0.0817 0.06 4376.7 4376.7 4384.1
{1b) | 366.4 72103.9 0.0770 0.0857 0.17 4378.7 43787 4389.9
(2a) | 367.6 72133.5 0.0593 0.0593 (.0593 0.0593 0.07 4377.0 4377.0 43844
{2b) | 367.2 72345.7 0.0872 0.0872 0.0321 0.0321 .13 4365.1 4365.2 43764
(2¢) | 367.0 72117.5 0.0809 0.0923 0.0326 0.0326 0.26 43802 4380.3 4395.2
(2d) | 366.8 72092.2 0.0849 0.0849 0.0552 0.0038 0.24 4380.0 4380.1 43950
(2e) | 366.8 T2087.0 0.0741 0.0938 0.0582 0.0016 || 0.37 4380.0 4380.1 4395.0

The correlation matrix schemes are

(la)
(2a)
(2¢)
(2¢)

p2=p1, p3=psa=0, (1b) p1 # po, p3=ps =0,

£i= P 22273,4,
p1LF P2, pa= p3.
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(2b) p2 = p1, p3 = pa,
(Zd) P2 = pP1, p3 '7‘1— P4,
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Table 4.15: Maximum Pseudo-likelihood estimates (PMLE) of y, o, p1, pa. pa.
and p4 for the Lt, data under the correlation schemes (1a)-(2e)
The number of plots with the isolated plot (N=313)
i o A P P3 b4 p- AIC  AICC BIC
value
(Ia) | 200.4 127534.31 0.2029 0.2029 0.00 4552.3 4552.3 45598
(1b) | 201.3 127942.09 0.1287 0.2768 ‘ 0.00 4553.0 4553.0 4b564.2
{2a) | 204.8 121901.22 0.1250 0.1250 0.1250 0.1230 0.00 4546.6 4546.6 4554.1
(2b) | 206.0 128222.78 0.2458 (.2458 0.1766 0.1766 0.00 45428 45429 4b54.1
(2¢) | 206.1 128241.87 0.2241 0.2775 0.1701 0.1701 0.00 45b544.2 4544.3 4559.2
(2d) | 204.1 123670.96 0.2000 0.2000 0.2574 0.0289 0.00 4538.6 4538.7 4553.6
{2} | 204.6 125009.59 0.2012 0.2555 0.2466 0.0434 0.00 45379 4538.0 45528
The number of plots without the isolated plot (N=312)
i & i fo Ps pa D- AIC  AICC BIC
value

(1a) | 197.4 126584.84 0.2022 0.2022 0.00 4535.6 4535.6 4543.0
(1b) | 198.3 126975.98 (0.1291 0.2751 0.00 4536.2 4536.3 45474
(2a) | 201.6 121019.17 0.1250 0.1250 0.1250 0.1250 || 0.00 4529.8 4529.8 4537.3
(2a) | 203.1 125952.06 0.1958 0.19538 0.1958 0.1958 0.00 4525.2 4525.2 4532.6
(2b) | 201.8 127629.79 0.2448 0.2448 0.1753 0.1753 0.00 45126 4512.7 45238
{2¢) 1202.2 127190.08 0.2223 0.2757 0.1691 0.1691 0.00 45275 45276 453425
{2d) | 200.5 122737.68 0.2000 0.2000 0.2561 0.0281 0.00 45218 4521.9 4b536.8
{2¢) | 200.8 123973.03 0.1996 0.2536 0.2458 0.0418 0.00 4521.1 4521.2 4536.1

The correlation matrix schemes are

{(la) p2=p1, p3=ps =0, (16) p1 # p2, p3 = pa =0,

(2a) pi=p1,1=2,3,4, (2b)ps=p1. p3 = pu,
(2c)  p1 # p2, pa = p3, (2d) p2= p1, p3 F pa,
(26) ,Oi,izl,..‘,'—l.
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Table 4.16: Maximum Pseudo-likelihood estimates (PMLE) of u, o2, p1, p2. p3,

and py for the Tha data under the correlation schemes (la)-(2e)

The number of plots with the isolated plot (N=313)
it & 1 b2 P3 P4 p- AIC AICC BIC
value
{la) | 43.50 580.39  0.0060 0.0060 0.89 2880.42 2889.46 2896.92
{(1b) | 43.56 580.75 -0.0312 0.0414 0.84  2891.08 2891.16 2902.32
(2a) | 43.56 590.64 0.07%C 0.0790 0.0790 0.0790 0.04 2885.04 2885.08 2892.53
{2b) | 43.55 588.14 0.0021 0.0021 0.1363 0.1363 0.01 2882.82 2882.90 2894.06
(2¢) | 43.63 58841 -0.0302 0.0308 0.1386 0.1386 0.02 2884.02 2884.15 2899.01
{2d) | 43.55 589.61 0.0052 0.0052 0.2018 0.0799 0.02 2883.58 28R3.71 289857
(2¢) | 43.64 590.41 -0.0292 (.0366 0.2105 0.0749 0.03 2882.60 2882.73 2897.58
The number of plots without the isolated plot (N=312)
i o* 0 D2 fa Pa p- AIC AICC BIC
value

{la) | 43.47 592.06  (0.0060 0.0060 0.80 2889.42 2889.46 2896.92
(1b) | 43.53 59242 -0.0312 0.0415 0.84 2891.08 2891.16 2902.32
(2a) | 43.52 592.34 0.0793 0.0793 0.0793 0.0793 0.04 2835.04 2885.08 2892.53
(2b) | 43.41 5387.94 0.0021 0.0027 0.1332 0.1332 0.02 2882.82 2882.90 2894.06
(2c) | 43.59 590.12 -0.0302 0.0307 0.138% (.1389 0.02 2884.02 2884.15 2899.01
(2d) | 43.51 B5$1.35 -0.0052 0.0052 0.2023 0.0799 0.02 2883.58 2883.71 2898.57
(2¢) | 43.60 592.17 -0.0292 0.0366 0.2110 0.0749 0.03 2882.60 2882.73 2897.58

The correlation matrix schemes are

(la) p2=p1, p3=ps=0, (18) p1 # p2, p3 = pa =0,
(20) pi=p1,1=2,3,4, (2b) p2=p1, p3 = pa,

(2¢)  p1# p2, pa=pa, (2d) p2 = p1, p3 F pa,

(2¢) piyi=1....,4.
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Table 4.17: Maximum Pseudo-likelihood estimates (PMLE) of i, o2, p1, p2. p3,
and p4 for the Tha, data under the correlation schemes (1a)-(2e)

The number of plots with the isolated plot (N=313)

I a° 1 2 pa fa p- AIC  AICC ' BIC

value
(1a) | 0.23 0.26 0.1764 0.1764 0.00 458.02 458.06 465.51
(ib) | 0.23 0.26 0.1225 0.2269 0.00 459.33 45941 470.57
(2a) | 0.24 - 0.26 0.1250 0.1250 0.1250 0.1250 0.00 454.08 454.12 461.57

(2b) | 0.24 0.26 0.2345 0.2345 0.1419 0.1419 || 0.00 45149 45157 462.73
(2¢) | 0.24 0.26 0.2195 0.2472 0.1390 0.1390 || 0.00 453.33 45346 468.31
(2d} 1 0.23 0.26 0.2000 0.2000 0.2360 -0.0101 0.00 446.07 446.20 461.06
(Ze) | 0.23 026 0.1927 0.2184 0.2326 -0.0045 0.00 445.94 446.06 460.92
The number of plots without the isolated plot (N=312)

i &° /1 fa b3 pa p- AIC  AICC BIC

value
(1a) | 0.23 0.26 0.1757 0.1757 0.00 45355 45359 461.04
(Ib) 1 0.23 0.26 0.1228 (.2254 0.00 45487 454.95 466.10

(2a) | 0.23 0.25 0.1250 0.1250 0.1250  0.1250 0.00 449.59 449.63 457.08
(2b) | 023 - 0.26 0.2331 0.2331 - 0.1406  0.1406 0.00 44663 446.70 457.84
(2¢) 1023 0.26 0.2173 0.2453 0.1375 0.1375 0.00 445.94 44907 463.91
(2d) | 023 0.26 0.2000 0.2000 0.2347 -0.0103 0.00 441.58 44171 456.55
{2¢) | 023 0.26 0.1907 0.2167 0.2314 -0.0061 0.00 441.45 441.58 456.42

The correlation matrix schemes are

(la) p2=p1, p3=pa=0, (1b) p1 # pa, pa = ps =0,
(2a) pi=p1,1=2,3.4, (2b)pa=p1, p3s = pa.

(2¢)  p1# p2, pa=pa, (2d) pa = p1. p3 # pa,

(2¢) pii=1,....4
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Table 4.18: Maximum Pseudo-likelihood estimates (PMLE) of u, ¢ and 6 under

alternative correlation schemes (1)-(4)

The number of plots without the isolated plot {N=312)
M

i &2 6 | max(p;;) || p-value AIC  AICC BIC
(1) k=1 |66.77 5035.21 0.3031 0.3031 || 0.0002 3503.43 3503.47 3510.91
(1) k=2 | 64.84 4691.00 0.2405 0.2405 || 0.0001 3501.95 3501.99 3509.44
(2a) k=1 ] 63.19 4541.85 0.1602 0.1602 || 0.0006 3505.37 3505.40 3512.85
(2a) k=2 | 63.19 4541.85 0.1602 0.1602 || 0.0006 3505.37 3505.40 3512.85
(2b) k=1 63.73 4615.51 0.1846 0.1846 || 0.0003 3503.76 3503.80 3511.24
(2b) k=2 | 63.69 4629.88 0.2121 0.2121 || 0.0001 3502.42 3302.46 3509.90
(3) k=1 | 65.07 4779.92 0.7185 0.2643 || 0.0000 3500.54 3500.58 3508.03
(3) k=2 | 6359 4607.36 0.5733 0.2109 || 0.0001 3502.41 3502.44 3509.89
{d4a) k=1 | 63.19 4541.85 0.4355 0.1602 | 0.0006 3505.37 3505.40 3512.85
(4a) k=12 | 63.19 4541.85 0.4355 0.1602 || 0.0006 3505.37 3505.40 3512.85
(4b) k=1 | 63.73 4622.44 0.5246 0.1930 1 0.0002 3503.36 3503.40 3510.85
(4b) k=2 | 63.537 4605.78 0.5662 0.2083 || 0.0001 3502.49 3502.53 3509.98

M,

1) 52 8 | maz(pi;) || p-value AIC -~ AICC BIC
(1) k=1 | 13.52 1634.29 0.0771 0.0771 || 0.0188 3193.20 3193.24 3200.68
(1) k=2 |12.91 1633.56 0.0670 0.0670 || 0.0729 3195.50 3195.54 3202.99
{2a) k=1 12,60 1638.40 0.0302 0.0302 || 0.5203 3198.31 3198.35 3205.79
(2a) k=2 | 12.60 1638.40 0.0302 0.0302 || 0.5203 3198.31 3198.35 3205.79
(2b) k=1 | 12.61 1637.17 0.0438 0.0438 || 0.2433 3197.36 3197.40 3204.84
(2b) k=2 | 12.61 163749 0.0439 0.0439 || 0.2859 3197.58 3197.62 3205.07
(3) k=1 [ 1282 1632.79 0.1838 0.0683 | 0.0501 3194.88 3194.92 3202.37
(3} k=2 | 12,62 1637.48 0.1224 0.0450 || 0.2920 3197.61 3197.65 3205.10
(4a) k=1 | 12.60 1638.40 0.0821 0.0302 || 0.5203 3198.31 3198.35 3205.79
(da) k=2 | 12.60 1638.40 0.0821 0.0302 || 0.5203 3198.31 3198.35 3205.79
(4b) k=1 112,61 1637.24 0.1198 0.0441 || 0.2510 3197.40 3197.44 3204.89
(4b) k=2 | 12,61 1637.72 0.1150 0.0423 || 0.3263 3197.76 3197.79 3205.24

Alternative correlation matrix schemes are

(1) piy= 6d~* k= 1,2 without neighborhood constraint,

(2a) piy; = 9d™* k = 1,2 with 1st order neighborhood constraint,
(2b)  pi; = 6d~* k= 1,2 with 2nd order neighborhood constraint,
(3) pij= Bexp(—d®), k = 1,2 without neighborhood constraint,
(da)  py = fexp(—d®). k = 1,2 with 1st neighborhood constraint,
(4b)  pi; = Ge;z:p(——dk), k= 1,2 with 2nd neighborhood ‘constra‘int./
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(Continued)

The number of plots without the isolated plot (N=312)
Lt

it &2 ¢ | maz( pij) || p-value AIC  AICC BIC
(1) k=1 368.97  T72864.30 0.101 0.1014 0.026 4375.27 437530 4382.75
(1) k=2 |367.99 72149.00 0.097 0.0974 0.023 4375.05 4375.09 4382.53
(2a) k=1 | 366.38  72109.45 0.082 0.0817 0.058 4376.66 4376.70 4384.15
(2a) k=2 | 366.38  72109.45 0.082 0.0817 0.058 4376.66 4376.70 4384.15
(2b) k=1 | 367.38  72133.58 0.074 0.0742 0.053 4376.50 4376.54 4383.99
(2b) k=2 | 367.14 72132.14 0.084 0.0836 0.046 4376.26 4376.30 4383.75
(3y k=1 | 36825 72163.87 0.258 0.0949 0.018 4374.67 4374.71 4382.15
(3 k=2 |366.95 72116.56 0.244 0.0897 0.039 4376.00 4376.04 4383.49
{4a) k=1 | 366.38  72109.45 0.222 0.0817 0.058 4376.66 4376.70 4384.15
(4a) k=2 | 366.38  72109.45 0.222 0.0817 0.058 4376.66 4376.70 4384.15
(4b) k=1 | 367.33  72133.93 0.208 0.0765 0.051 4376.44 4376.48 4383.92
(4b) k=2 | 366.94 7212469 0.237 0.0871 0.045 4376.21 4376.25 4383.70

Lt

i &2 8 | maz(py;) || p-value AIC  AICC BIC
(1) k=1 | 215.35 131066.10 06.270 0.2699 0.000 4528.48 452851 4535.96
(1) k=12 | 206.02 126737.90 0.256 0.2555 0.000 4527.35 4527.39 4534.84
(2a) k=1 | 197.40 126584.80 0.202 0.2022 0.000 4535.55 4535.59 4543.03
(2a) k=2 | 197.40 126584.80 0.202 0.2022 0.000 4535.55 4535.59 4543.03
(2b) k=1 | 201.99 127221.60 0.246 0.2459 0.000 4524.13 4524.17 4531.62
(2b) k=2 | 200.36 127404.00 0.263 0.2626 0.000 4525.40 4525.44 4532.89
(3) k=1 | 204.26 128015.70 0.705 0.2592 0.000 4527.47 4527.51 4534.95
(3) k=2 | 199.47 126524.60 0.677 0.2491 0.000 4528.21 4528.25 4535.69
(4da) k=1 | 197.40 126584.80 0.550 0.2022 0.000 4535.55 4535.59 4543.03
(4a) k=2 | 197.40 126584.80 0.530 0.2022 0.000 4535.55 4535.59 4543.03
(4b) k=1 | 201.68 127399.40 0.687 0.2526 0.000 452421 4524.24 4531.69
(4b) k=21 199.31 126842.20 0.689 0.2534 0.000 4527.47 4527.51 4534.96

Alternative correlation matrix schemes are

(1) pi; = 6d™ ",k = 1,2 without neighborhood constraint,

(2a) pi; = 8d~* k= 1,2 with 1st order neighborhood constraint,
(26) pi; = 8d=" k= 1,2 with 2nd order neighborhood constraint,
(3)  pi; = Oexp(~d"), k = 1.2 without neighborhood constraint,
(4a) pi; = Bexp(—dF), k = 1,2 with 1st neighborhood constraint,
(4b)  pi; = Bexp(—d*), k = 1.2 with 2nd neighborhood constraint,
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(Continued)

The number of plots without the isolated plot (N=312)

Tha
(i &2 0 | maz(p;;) || p-value AIC  AICC BIC
(1) k=1 | 43.57 595.24 0.0469 0.0469 0.56 2880.77 2880.81 2888.25
(1Y k=2 | 43.54 592.19 0.0501 0.0501 0.26 2879.88 2879.92 2887.36
(2a) k=1 | 4347 592.05 0.0060 0.0060 0.89 28R81.08 2881.12 288857
(2a) k=2 | 4347 592.05 0.0060 0.0060 0.89 2881.08 2881.12 2888.57
(2b) k=1 43.51 591.76 0.0685 0.0685 0.10 2878.35 2878.39 2885.84
(2b) k=2 | 43.50 591.59 0.0531 0.0531 0.21  2879.51 2879.56 2887.00
3)k=1 | 4356 59277 0.1954 0.0719 0.11 287848 2878.52 288597
(3) k=2 | 4349 591.64 0.1150 0.0423 0.31 2880.09 2880.13 2887.58
(da) k=1 | 4347 592.05 0.0163 0.0060 0.89 2881.08 2881.12 2888.57
(4a) k=2 | 43.47 592.05 0.0163 0.0060 0.89 2881.08 2881.12 2888.57
(4b) k=1 43.51 591.69 0.1780 0.0655 0.12  2878.62 2878.66 2886.11
(4b) k=12 | 43.49 591.67 0.1124 0.0413 0.33 2880.14 2880.18 2887.63
Thag
i 64 6 | maz(p;;) || p-value AIC  AICC BIC

=1 6.25 0.27 0.2456 0.2456 0.00  448.16  448.20  455.65
(k=2 0.24 0.26 0.2345 0.2345 0.00  446.69  446.73  454.18
(2a) k = 0.23 0.26 0.1757 |  0.1757 0.00  453.55  453.58  461.04
(2a) k=21 0.23 0.26  0.1757 0.1757 0.00 45355  453.59  461.04
(2by k=1 0.23 0.26  0.2188 0.2188 0.00 44538 44542  452.86
(2b)y k=21 0.23 0.26  0.2366 0.2366 0.00 44545 44548  452.93
B3 k=1 0.23 0.26  0.6492 0.2388 0.60  447.53  447.57 43501
(3) k=2 0.23 0.26 0.6136 0.2257 0.00  447.23  447.27  454.72

(da) k=1 0.23 0.26 04777 0.1757 0.00 453.55  453.59  461.04
(da) k=2 0.23 .26 04777 0.1757 0.00  453.55 453.59  461.04
(4b) k=1 0.23 0.26 0.6136 0.2257 0.00 44519 44523  452.68
(4b) k=21 0.23 0.26 0.6168 0.2269 0.00  446.86  446.91  454.35

Alternative correlation matrix schemes are

(1) pij = 68d7% k= 1,2 without neighborhood constraint,

(2a) pi; = 6d7% k = 1,2 with 1st order neighborhood constraint,
(26) piy = 8d~* k= 1,2 with 2nd order neighborhood constraint,
3) piy= exp(—d”*), k = 1,2 without neighborhood constraint,
(4a) pi; = Bexp(—d*), k = 1,2 with 1st neighborhood constraint,
(40)  pg; = Bexp(—d®), k = 1,2 with 2nd neighborhood constraint,
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Figure 4.2: RMSE. AIC, AICC, and BIC for the M data fitted by spatial "Phase

17 models
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The RMSE, AIC, AICC and BIC statistics are estimated by leave-one-out cross-
validation method for the 33 plots with 8 neighbors. The values of x-axis are (1a)

assume that py = p, = ppy and p.y = paz = 0, (1b) assume that p.0y = p.2 =0,
(2a) assume that p, = py = p1) = Pea) = Phee, (2b) assume that pp = p, = pre
and p, 1 = Pz = pe, (2¢) assume that p.y = po = po. (2d) assume that

Oh = Pv = Phu. (2€) assume that pp. po. pooy and puey are all different.
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Figure 4.3: RMSE. AIC, AICC, and BIC for the Lt data fitted by spatial "Phase

17 models
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The RMSE, AIC. AICC and BIC statistics are estimated by leave-one-out cross-
validation method for the 33 plots with 8 neighbors. The values of x-axis are (1a)
assume that pp = p, = pp. and p.) = puz = 0, (1b) assume that p.oy = puz = 0,
(2a) assume that pn = po = Py = Puzi = Phec. (2b) assume that p = p, = pae
and p.) = puo = pe. (2¢) assume that p.y = puo = po. (2d) assume that
PL = Py = Pry. (2€) assume that ph. p,, po) and poz are all different.

123

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 4.4: RMSE, AIC, AICC, and BIC for the Tha data fitted by spatial "Phase

17 models
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The RMSE, AIC, AICC and BIC statistics are estimated by leave-one-out cross-
validation method for the 33 plots with 8 neighbors. The values of x-axis are (1a)
assume that p, = p, = pp. and puy = pu» = 0, (1b) assume that p.1y = po = 0,
(2a) assume that pp = po = pay = puz) = Phee, (2b) assume that pp = py = pry
and p.y = puy = pe, (2¢) assume that p.yy = paz = pe, {2d) assume that
Ph = pu = Phy, (2e) assume that pi. po, puy and p.e are all different.
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Figure 4.5: Coefficients of Variation of Tha data for individual plots using 400
bootstrap samples
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Note: the A denotes the estimates using the simple bootstrap method which is
resampling y's and the o denotes the estimates using the semiparametric bootstrap
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5. PREDICTIONS FOR NON-SAMPLED LOCATIONS USING
ONLY FIELD SAMPLE PLOT OR SUBPLOT INFORMATION

To make predictions is one of our objectives for this study. In Chapter 4 we
only discussed estimations for primary sample units (1-ha plots) on the 1.7-mile
grid. This chapter investigates predictions of spatially varying response variables
at non-sampled plots on the 0.85-mile grid based on the observations at sampled
plots on the 1.7 mile grid, i.e. fill-in predictions or interpolations. Intuitively. a
linear combination of the observations is suggested, i.e. a linear prediction, and
minimization of mean-squared error (MSE) is used leading to the classical best

linear prediction (BLP).
5.1 Best Linear Unbiased Prediction (BLUP)

9

Suppose we observe Y:(Ys1 Yoo Yey) = (Y1, Y5, YN) ~ (p,07) and
wish to predict Y, at a non-sampled plot location so. Assume Y, .Y, . V,,,. .., Y,
~ (p,0?) with correlations PYo Y, = Pojs PV Ye, = Pij for 2.7 = 1,... N,
py..Y., = pii = 1: these correlations could be distance based.

Using a linear combination of Y to predict Y}, ., the prediction can be expressed

as

N

o = > aY., (5.1)
g=1
]\T

> aY; | (5.2)

1=l

)

il

If>".a; =1, then £V, ] = €]Y,,] = p and the predictor Y, is called unbiased.
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Then the mean squared error (MSE) of the prediction is

N
ElYe = Vo)l = €Yy = Y a)]
i=1
N N
= Var[¥y] —2Cov[Y,. Y aY]+ Var[z a; Y]
=1 =1
N N N
= 0'2 {1 —QZai,Ooi + ZZaiajpij} . (53)
=1 =1 y=1 :

The MSE of prediction is also known as the variance of prediction error or mean
squared prediction error of prediction.
The optimal weights a4,... ,an can be found using the following Lagrangian
function,
N N N N
2 ‘ : N
o {1—2 E a;po; + E E G’riajp?i]’}—)\<g a,i~1) (5.4)
7=1 =1 ;=1 7
which utilizes the constraint 3 a; = 1 ensuring unbiasedness.
Minimizing this expression with respect to ay,...,an and A yields (Cressie,

1993)

[
(24
e

N
i\/50 - ZaiY;7 ( -
=1
U%’,p(sf)) = ang[(Y;‘o *}20)2}7

= o’~ac+ N/2, (5.6)

where the subscript p in o} , indicates the predictor error,

1-1% e 1-1%e
_ / 1 s .~
a—-(\al,...?(l]\f) (C+1~—i—7§_~11—>2 . )\»‘—2"*1!2‘—*1'{—— (O.{)
Here, ¢ = 0*(po1,....pon) and ¥ is an N x N matrix whose (4, j)th elements

are o?p;;. In order for 5?50 to be a data based predictor, the unknown p;;’s in a
and c will be estimated. It is possible to have a negative value for io even if all

data values are positive. One way to ensure the predictors ¥, = ZI\ a;Y; > 0

i=1
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is to specify ¢; > 0. ¢ =1,..., N, as a further constraint when minimizing Eqn.
(5.4). The extra constraint leads to a (perhaps unnecessarily large) increase in
mean-squared prediction error. In fact, negative weights a;’s can be advantageous

because thev don’t constrain Y, by maximum and minimum data values. And

hence, we allow a;’s to be negative.

5.2 3-Parameter Lognormal Transformation

Now suppose that the Y|,y process is obtained from
Y, =g(Z,),  seD, (5.8)

where Z is a Gaussian process that is assumed to be intrinsically stationary and
g(+) is a twice-differentiable measurable function. If d*¢(z)/dz* = a + bg(z), then
() is a generalized lognormal process. The transformation to obtain approximate
normality that we applied to M, Lt, and Tha data is the 3-parameter lognormal

transformation; that is,

Z =+ dlog(Y — 8, (5.9)

where 7 is N(0,1). Thus
Y = exp(Z—g—l) Lo (5.10)
= g(2). (5.11)

The first two derivatives of g(-) are

. 1 Z—
g(z) = ge:cp( (57)7 (5.12)
F) = geen(ED) (513)
52 5 7
= a+bg(z) (5.14)
where a = -—g and b = fg So ¥y is a generalized lognormal process. Shimizu

and Iwase (1987) provided an unbiased estimator and its variance for the autoco-

variance function of a stationary generalized lognormal process.
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If Z(yis N{p.,0?), then the first and second moments of ¥[.) = g (Z,) are

&V = £lg(2y)]

= £ [ez‘p (Z;A’> +9":l

e — o?
- e$p<y67+9(§2>+9' (5.

ot

ot

[ob1
R

and

And so

Varly] = cop (”‘7— é) {emp (%) - 1} . (5.16)

The covariance function is

2(p= —7)

2 2,..
CovlY,,,Y, | = exp (-—3—~—~ + %) {ea:p (U}é)”> - 1} . (5.17)

5.3 Correlation Function Fitting

Suppose an autocorrelation function is distance-related, say p{d). Possible
criteria for fitting this autocorrelation function are the Least Squares options, i.e.
ordinary least squares (O.L.S) and weighted least squares (W.L.S).

- Using the sum of squares of the difference between the sample correlation
estimator p¥(d) and the model p(d) that has parameters 8 and k, the method of

ordinary least squares specifies that § and k are estimated by minimizing

e
(W44
—
oo

S’

S {ptd) (@)}
—
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for lag distance d.
The W.L.S. method of autocorrelation-model fitting is finding the parameters
f and k that minimize
2

> N(d) {p*(d) — p(d)}” (5.19)

e
for lag distance d and N (d) is the number of pairs of observations with lag distance
d. The estimates # and k can be obtained from an iterative. nonlinear estimation

routine such as the Gauss-Newton algorithm in the Splus nlminb function.
5.3.1 Correlation function fitting to the Y scale

First, we fit the autocorrelation function to the sample correlation among
the Y scale observations. The autocorrelation functions we consider are listed as

follows:
(D) pi(Y) = exp(—0dy;), 8,k >0,
(D(2) pis(Y) = (1+6d%)H, 0,k > 0.

where d;; 1s the distance between sites s; and s;. Such a correlation function
fitting we call "direct” correlation function fitting to the Y scale.

5.3.2 Correlation function fitting to the Z scale

If the process generating Y is 3-parameter lognormal, then there is a relation
between the autocorrelation function of the transformed Z scale and that of the
untransformed Y scale. The autocorrelations p;; and p;;(Y) respectively denote
the correlations of (Zy;, Z,) and (Y;,,Y; ). If we fit the following autocorrelation

functions to the Y scale,
(AD)(1) pi;(Y) = exp(—8d};), 0,k > 0,

(I0)(2) pi(Y) = (14 6435)P, 6,k >0
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then the corresponding autocorrelation functions for the Z scale are respectively
(AD)(1) pij = S log (14 (e — 1)) 0.k > 0,

(TTD)(2) pi; = & log (1 b (14 0d2) (e 1)), 6.k > 0.
The procedure is to fit the autocorrelation functions (III)(1) and (II}(2) to the
sample correlations of the Z scale and then substitute the estimated 4 and &
into the autocorrelation functions of Y's, (II)(1) and (II)(2). Such a correlation
function fitting we call "indirect” correlation function fitting to the Y scale.

The autocorrelation model fitting for M, Lt. and Tha on 1-ha plots are por-
trayed in Figures 5.1-5.3. The O.L.S. and W.L.S. methods vield parameter es-
timates that are very close. The sample correlations decay quickly and so the
weights don’t change the sum of squares much. From Figures 5.1-5.3, we can see

that there is not much difference between the O.L.S. fitting and the W.L.S. fitting.

And hence, we only use the weighted least square method in our further inference.

5.4 Predictions

5.4.1 Predictions based on the Y scale

There are no specific distribution assumption for the Y’s in Equs. (5.5)-(5.7).
If the observed process is a 3-parameter lognormal process, do predictions based
on the Y’s with the indirect fitting correlation functions work better than those

with the direct correlation fitting?

5.4.1.1 Predictions based on the Y scale with direct correlation fitting

The coefficients a; in Eqn. (5.2) are estimated from the data and so a data

based predictor is given by

N

if;o _ z&J; (520)
$=1

Gy (s0) = 77 —ac+ A2 2y
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where

o 1-VETEN o A 1S
- <c+1__7_-.) DRI S e o
111 111
¢ =% (pa(Y),....pon(Y)) and 5= 2p;;(Y). Here, p;;(Y) is an estimate by

direct autocorrelation fittings to the Y scale, (I)(1} and (1)(2).

5.4.1.2 Predictions based on the Y scale with indirect correlation fit-
ting

o~

a; is a function of o5 and p;;(Y7), so Y. 1 is

N
Yor = > &V (5.22)

G2 (s0) = GE-Ac+A/2, (5.23)

o, 1

where the subscript I in Y, ; indicates the prediction based on the Y scale with
the indirect autocorrelation fitting,

S U 15 S A W A 1—15-1¢
a = (C+1—“—7‘*—) E~1, )\:"‘2-“‘7:‘“———7
15-11 17511

¢ =3 pa(Y),. .., pon(Y)) and S = 2p:;;(Y). Here, p;;(Y) is estimated by

indirect autocorrelation fittings to the Y scale, (I1)(1) and (II)(2). The correlation
fittings of (11)(1) and (II)(2) are based on the assumption that Y is a 3-parameter
lognormal process, so the prediction f’so, 7 requires a stronger assumption than the

previous one, io
5.4.2 Back-transformed predictions based on the Z scale

5.4.2.1 7Plain” Back-Transformed Prediction

To transform the prediction from the Z scale to the V¥ scale, the back-
transformed value g(f) = Q(le a;Zs,) is used to predict Yi,, where ay,... ,axn

satisfy Eqn. (5.7) on the transformed Z scale and need to be estimated.
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The expectation of g (ZO> 18

H
Q@
=

where £[Z,,] = E[Z\zl a;Zs,] = pt,. And so the back-transformed predictor,

7

f’so,b = g (ZSO; o). where 8 = (v,6,6)

= exp (ZS(J(; 7) + ¢ (5.2!

is not an unbiased predictor. The bias of Y}, ; s

(W14
o
[e83 4
Nl

bias (?;o,b>

~
rx -

= El¥o,0] = ElVs]

e (N (V2] (o
= exp 6 erp 252 exrp 5(6
.= 2— 02 (so)+ A 2 /
= exp (M‘(S W) {e:cp (U" JN%(;O) ) — ezp (TC}))} (5.26)

?so,b = g (230; @> , where © = (.4, 8')
/N
= g (Z &iZs,)
i=1

where g;'s are estimators of a;’s.
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The mean-squared prediction error of Y, 3 is

2 7
Oy, p, 6(50)

= g[(Y:?o - };osb)z]

\ Af, —4) 262 —362 (sp) + 2,
&%',p,b(SO) = exp (_ﬁ.__.___’_z + ‘“> {1 — 2exp ( ’];809) il >

~2(62 50) = ) |
j,ﬂp( \0&,p§o) })} (5.29)

In real data, we don’t know the actual values of © and so the estimated © is

used. Thus we investigate the following two predictors,
wr = (2. 8) (5:

R 9(250:@) (5.31)

=)
[&11
[}
(e

A

O

et
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~ N ~ N ~ s
where Zyy =3 .0 ailZs,, Loy = ) ., GiZs, and © = (4, 4, 0")

Since the straightforward back-transformed predictor, Y, ; is a biased pre-

dictor, a bias correction is made in the following subsection.

5.4.2.2 7 Approximately” Unbiased Back-Transformed (Trans-Gaussian)
Prediction

Using the é-method around p, = &[Z;,] to obtain a bias correction, the

approximately unbiased prediction of ¥, is (See Cressie, 1993, p.137 for details),

Tow = (20 0)+ L0002 ()23

2
2 -1 U ey o
- p< > >+9!+§5_2mp (552) o2t = Ach (52
T 1 ez — 2 v o
s+ ggzenn (E50) (02, lo0) = 3, (539

where the subscript a in ?sma indicates the approximately unbiased prediction.
where (see Equs. (5.5)-(5.7)), p. = E[Z], 02 (s0) = 0.> —ac + . /2, and

0 = (7,6,0) are parameters in 3-parameter lognormal likelihood of the Y’s to
be estimated by the maximum likelihocod estimation from the 3-parameter lognor-
mal likelihood based on the Y observations. When o? (s0) > A, ?so,a. > f/;o,b-

A

From Eqns. (5.21) and (5.28), the bias of f’so,a is

bias ()A/SO a)‘

. 3 1 M — 7 2 o
= bias ( su,b) + 553 6LP ( z ’) {02 (s0) — A} (5.34)

The mean-squared prediction error is, approximately,

U;“)’,p,a('so) = {g’(/‘zi)}rzo_f,p(s(])
1 2y, — . PN
= 536%P *(’#T“L)“) a2 p(s0)- (5.35)

The approximations (5.32) and (5.35) rely on 07(so) being small. The higher order

. . 9 ; . P .
approximation to oy, ,(So) is needed when Uz(so‘) 1s not small.
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The following predictors are also considered for Trans-Gaussian setting

v 74 g” Hz .
Faw = o7 0)+ T 102 fs0) ) (5.36)
N o~ o~ g//i/:‘l: ) ;
Ve = o(Z:8)+ L2052 (o) - A} (5.37)
< A NP (5 a5
}SQ}U. - (Z; Q) + 5 { jp(SO ”/\:} ‘\5 35)
The estimator of of , ,(s0) is
~2 N 1 ) 2(/:5:“:}> A2 7 = a0)
JY,p,a.(‘So) = 'gge‘rp <"—S_—-> Jz,p(*’U): (339)

where the estimators from Equs. (5.5)~(5.7) fi. = Z, 62 (so) = 62—a¢+A./2 and

4, 0, and " are given by maximum likelihood estimation from the 3-parameter

lognormal likelihood based on the Y observations.
5.4.2.3 Unbiased Back-Transformed Prediction

Cressie (1993, p.135) discussed lognormal kriging. In the following, we ex-
tend his results to 3-parameter lognormal unbiased predictions. Multiplylng Eqn.

(5.19) by a correction constant, an unbiased predictor of Y, is given by

% 23 - %—‘/ Z\S
Yiu = e;r:p{ o ,+U,; ar| o}}+9,

] 262

S ,
= e:cp{ ; ’+§(§(g;p(so)—)\z>}+9. (5.40)

When ¢ = 0, v=1, and ¢ = 1, the unbiased 3-parameter lognormal predictor
vields the lognormal kriging in Cressie (1993, p.135).

The following predictors are also considered for the 3-parameter lognormal

situation
’\:’ 2 /)/ 1 2 | -~ S
Yiou = erp{ b + 557 (Uzrp(bo)—)\z)} + 4 (5.41)
f’ = ex :\SO_:'—F ! (&2 (5)—&) + 0 (5.42)
Sg.u T p S 252 2 p 0 z I
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The mean-squared prediction error is

Jé’,pu(so)

= gi(iso - yjs‘o,u)]

= Var[¥s] — 2Cov]Yy,

20p — 7, 2 2 (2 _VarlZ. 1
= erp (—(%"/_} -+ %) {eiip (%) — 1} —2exp kgﬁ__r;;lﬂ.l)
24 — ) 1% " 2.
2 )

&g’,p,u(so)

2(1:43 -
= (T

Az - Ag & + 5\: . .
tezp <J~ U*gggo) ) } (5.45)

where the estimators from Egns. (5.5)-(5.7), fi. = 7. &

>
e
+
|
SN
N’
e
o
=3
=3
TN
O]
[SRERX
N’
!
b
o
=
3
ST
Qs
n o
1
3
SN
s
(¥ /(,'\
[N e
o
+
et
by
)
W

and 7, 8, and 8’ are given by maximum likelihood estimation from the 3-parameter

lognormal likelihood based on the Y observations.
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To compare the predictors, we rewrite the unbiased predictor as

o /Z\s —n ' {50 —/\:
Yioou = Yoo +exp (—05”—) {Erp %)

)

SN
Q
IS

= }(5(7-@ + Df;soyuyi}so,a. (-3.4‘()
T\ .
exp (E_.D_sg> is not always greater than 1 and so the second term, Dy 5 .-is
¢ sp. it sg,

not always positive. Hence, Y, , is not always larger than Y, ..

The relation between Y, , and Y, ; is

~ - Zoy — o? (so) — Az )
Yioou = Yy, pt+exp (——f-’g——) {emp (—-”—3(7—2};——) — 1} (5.48)

= 3‘;075 -+ D?Soyu,z().b. (549)
When o? (so}) > A, Dy ¢ > 0and Yy, > Y, 5. As mentioned earlier,
Z, P sg,usd sg,

Vi > Y., » when o7 ,(s0) > A;. In general, if 62 (so) > A-, then both Y, w and

Y5, o ave larger than Yy 3.

The estimated mean sqaured prediction errors (m.s.p.e.) of those three pre-
dictors seem quite different. To examine them more closely, the Taylor series
expansion is used to break down some exp(-) functions of Eqn. (5.39). Through

first order expansion,

(203 — 07 (s0) + )\z/2>
— 2exp ‘62 -

2
o
&~
=3
N
)
=
1]
Oy
!
-2
N
et N
TN
f—
-
o
ERS
Wby

fl
Q
ot
s
o
P
S
=1
4
o~
Ot
Ut
<o
——
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When 02(so) is not small, the remainder of first order Taylor series expansion for

o3 ,..(s0) might be a large-scale quantity compared to o, ,(so).
5.5 Results

5.5.1 Simulated data

To assess how well the various predictors introduced in this chapter behave,
we conducted several simulations generating populations with the estimated pa-
rameters from the real data. In the first place. six non-sampled plots on the 0.85
mile grid, shown by black numbers in Figure 5.4, were randomly selected for mak-
ing predictions and then a realization Z;, 1= 81, ..., SN, SN41, - .- . SN+g fTOM

a multivariate normal was generated by

Z =p+ Be (5.51)
where Z = (2317‘ s fZSj\T_'rG),v [,L:(/Jsl 7/“5’31\!"_1..6)/ = ‘(le* ﬁuz)y 81, ..., 8N
are sampled plot locations, sy+1, ... . SN4e are six non-sampled plot locations,

B is defined via the (N +6) x (N 4 6) correlation matrix I = (e;z‘:p(—@df}))w =

BB', and e ~ MVN(0, o2 I). Secondly, the Z values are back-transformed by the

function g(-)

Y o= ¢(Z)

= exp(

,_,)_) 5
3 )+

As mentioned earlier, the actual @ = (.4, ¢') is unknown, so the predictors, }207(‘)
and 37:907(,) are not available for real data. So the predictors E%Sm(‘) and ‘f’sO,(.) are
used instead. To assess the loss, we conduct a simulation study with chosen values
of all parameters, 1, ¢, © and (6,k) in the p;; function.

For M data, the MLE's of ~, §, and 8" are -4.50, 1.16, and -7.50, respec-

tively. The W.S.L. estimates of 4 and & in the exponential autocorrelation for
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3-parameter lognormal transformed M data are § =012 and k = 0.39. To mimic
the process we had for the actual M data. the values of parameters chosen were
p, = 0,0, = 1,0 = 012,k = 0.39. v = —4.50,6 = 1.16, and & = —7.50.
The back-transformed Y process is a generalized lognormal process with mean

py = 62.67 and variance o, = 5428.58. The results of three predictors based on

‘E

1,000 realizations of Y are summarized in Table 5.1. €] D:Ob] =V = S 000y Y
is listed in Table 5.1(a} where 7 indicates the 3 ' value obtained from the ith gen-

erated Y; = (Y“' ‘.r;\) realization. YSW1 and Yso,u are defined similarly and

— o~

Yoo ?50 (- and Y s.(-) denote the average of 1,000 ioi(;).‘ Y. (), and 1750_,(‘),

respectively.

For each realization of Y, the simulated Y; ‘s, 7 =N+1,... ,N+6. were
put aside and the predictions, ?:06, on . and 3;0 us S0 = SN41,--- > SN4g, WeTe
obtained by substituting the simulated Y; = (Y7 ,... Y} ) in the prediction and

mean sqaured prediction error equations. The values of —}A’_’SO . at each non-sampled
plot locations are almost the same as the actual mean y, = 62.67; which 1s not
surprising since }Zoru is an "unbiased” predictor. The quotation for unbiased
indicates thét i\scu 1s asymptotically unbiased since the a’s are estimated. Also,
we note that the values of ?30, . are close to the actual mean and the bias is about
6% of the actual mean. The biggest bias belongs to the back-transformation
predictor, ?30:5, which is about one-third of the actual mean.

The estimated standard error (s.e.) for fse is calculated by

(s, T
(V. ) = |
5:€.(Yao,0) 1,000 — 1

The estimated standard errors (s.e.) for Y, , and Y, , are calculated similarly.
5/.5(?30,(')) is not a good estimator of s.e.(Y,, () since the };"'07(4’5 are not inde-
pendent. We note that the values for each plot in columns of &y, »,() are almost

the same for each m.s. prediction error. That’s because the oy , ()’s don’t depend
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directly on the Y;'s like the 57” s do and only rely on the fi,. 52, and ['. Those
selected non-sampled plots have the common estimated ~, 6, . w.. 02. 8. and k
for éa.ch generated M realization and so X is not different.

Table 5.1(b) presents the estimated m.s. prediction errors from the simulated

data which is calculated by the following equation

1,000

e S \ 1 1 > z
m.s.e.(Y;.m(_)) = m Z] (}5 —-Y, 50, ())

where $g = SN41,.-. s SN+6-

The approximately unbiased predictor, 37'50_(“ has the smallest estimated m.s.
prediction error, m.s.¢. (‘i\so o), but differs little from the others. Compared to
the values in column 6 of Table 5.1(a), the approximately estimated m.s. pre-
diction error, &%—7(.)(50) is very different from m/fg(ioa) As mentioned be-
fore, the approximation &y , , relies on small o7. The actual value of o7 for
the simulated M realization is 5428.58, so 6y , ,(so) and &% ,(so) are more reli-
able. Far plot 1, the m.s. prediction error of f’so,b, has interval estimate given
by (5594.98 — 1.96 x 1426.76,5594.98 4 1.96 x 1426.76) = (2741.46, 8448.50); the
m.s. prediction error of Yso.a, has interval estimate given by (1659.15 — 1.96 x
283.17,1659.15 + 1.96 x 283.17) = (1092.81, 2225.49); the m.s. prediction error of
Y., u, has interval estimate given by (5511.03 — 1.96 x 1302.55,5511.03 + 1.96 x
1302.55) = (2905.93,8116.13). The m. (}ASO b), M.S.€. (}30 o). and m.s.€e. (? )
for plot 1, are respectively 4124.04, 3853.11, and 3929.26. The actual m.s. predic-
tion errors of m(? b) and m.s.€. YSO ) are inside the m.s. prediction error
interval, but that of ?so,a 1s outside the interval. Thus, the estimated m.s. pre-
diction error of ioa does not work well when ¢ is not small. Among the six
selected non-sampled plots, all of the .5.¢.(V,, ») and 7m.s.e(Y,, .) are inside the

m.s. prediction error interval, but none of the m.s.e.(Y, ,) is inside the interval.

In this case, 6%, , is the worst estimator.

141

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



To mimic the Tha observations in simulations, the values of parameters we

chose were y, = 0,0, = 1,6 = 1.03, k = 0.13,~ = =34.41, 6 = 6.76, and

f" = —120.65. The back-transformed Y process is a generalized lognormal with

mean g, = 43.57 and variance o] = 596.62. The results are summarized in Tables

o~

5.2 and 5.3. In reality. we can only obtain the predictions ¥, 4, Y, ,. and Yo
since we don’t know what actual values of @ and a are. As shown in Table 5.2(b),
the means of }730,& at each plot are slightly off the actual mean p, = 43.57. but

o~ o~

the means of Y, , and Y, are close to the actual mean. The means of 62
Y,p,b

M

5%, and 6}% are about 570, 454, and 567, respectivelv, which are lower than
Y.p.a P
the m.s.e(Y, n4:) in Table 5.3. The largest estimated m.s.e. belongs to plot 5 and

so it 1s harder to predict than the others.

o~ ~
~ o~

From Table 5.2 we note that the means of 1.000 ﬁom iv’;ojaw Yo Yy ar Yaq

}N’SO? }2”'50, and 5350 are very close, and they are approximately equal to the actual
mean g, = 43.57; the "plain” back-transformation predictors, ?’50,57 f’;mb, ?A’SO,I,,
and E/N\/smb? as shown in the 3rd column of Table 5.2, are only about 4% off the
actual mean. Unlike the previous simulation results for stmulated M realizations,
the estimated m.s. prediction errors for three predictors, shown in Table 5.3,
are about the same for "plain”, "approximately”, and "unbiased” back-transform
predictors. From Eqns. 5.39 and 5.50, we note that the m.s. prediction errors are
equivalent through the first order when 05 is small. This is noted in the simulation
results for Tha with small variance.

The histograms of the generated values and the predictions at six selected
plots using }A’;O’g,? 3730117, };}30759 and T?’soib are depicted in Figure 5.5. From Figure
5.5(a), the histogram of the generated values at plots 1 and 2 have normality and

the histograms of the generated values at the other plots have a slightly heavy

—~ o~ o~

tail. The histograms of predictions Y, 4. Y, o, and Y, don’t have the same

shape as those of the generated values at each plot.
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To see how stable prediction and mean squared prediction error (m.s.p.e)
are, we plot the average of b predictions and m.s.p.e.’s from b realizations, b =
100, 200,... .1.000, as shown in Figures 5.6 and 5.7. Also. the estimated mean
d prediction error was calculated by L3 (Yt — ¥ 0% b = 100
Squared predictl ' wated DY p 2 iU p N o Nyi) s 0= :

200,. .., 1,000, where }ZNM" i =1,...,6 denote the prediction at non-sampled

plot ¢ using those three prediction rules based on the generated values at sampled

plots, 1,...,N = 312 from the b*" generated realization of size (N + 6), and
ng n4; denotes the b generated values at non-sampled plot 7. The results are

depicted in Figure 5.8. From Figure 5.6, we note that the average of the predictions
using those prediction rules are pretty stable as b increases, but the averages of
asvmptotic back-transform are smaller than "plain” and unbiased” back-transform

and a little bit off from the actual mean p, = 43.57.
5.5.2 Real data

The six non-sampled plots. shown by black numbers in Figure 5.4, on the
0.85 mile grid were randomly selected for making predictions. The 1.000 predic-
tions at those non-sampled plots were obtained by the simple bootstrap method
and the semiparametric bootstrap; the simple bootstrap method resaﬁlples N val-
ues from the N observations with replacement and the semiparametric bootstrap
method resamples N values from the independent components with replacement
(as described in Chapter 4). Figures 5.5 display the histograms of approximately
unbiased predictions ?’Sma and unbiased predictions ﬁo,u at the selected non-
sampled plots using the simple bootstrap method. The histograms of ?‘;O’a and
5/}30 at selected non-sampled plots have a similar shape. The histograms of the
predictions calculated by the two prediction rules based on the semiparametric

bootstrapped samples are portrayed in Figure 5.6. The histograms of predictions
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based on the semiparametric bootstrapped samples are quite different from those
based on the simple bootstrapped sample shox-‘m i Figure 5.5.

The results of 1,000 M predictions at each non-sampled plots from boot-
strapped samples are summarized in Table 5.6. The averages of unbiased M pre-
dictions based oﬁ the simple bootstrapped samples ,ST';SO (), are larger than those
of the approximately unbiased M predictions, as shown in the top panel of Table
5.6. But the estimated standard deviations of ?30, () from the simple bootstrapped
samples are smaller than those of ?"SO‘(_) from the semiparametric bootstrapped
samples. For both simple bootstrapped and semiparametric bootstrapped sam-
ples, 3—; p.o 18 much smaller than the other standard deviations ;i pp and 3_; o
As we expected, E‘;p!a is not a good estimator when ¢ is large (see Eqns. 5.39
and 5.50).

Mean squared (m.s.) prediction errors play a key role in measuring the reli-
ability of predictions. Table 5.1 also lists the plug-in estimates from Eqns. (5.19)
and (5.28). To investigate the unbiasedness of m.s prediction error estimates, the
mean and standard deviation of 1,000 6% and &3, , are calculated. For exam-
ple, the plug-in estimate of m.s. prediction error for 37;.0‘@ at plot 1 is 1665.62.
Using the semiparametric bootstrap method, the average of 1,000 estimated m.s.
prediction error is 1665.76 which is quite close to the plug-in estimates, but the
standard deviation of 1,000 estimated m.s. prediction error is 273.19. So the
m.s. prediction error of the M value at plot 1 has the interval estimate given by
(1665.52 — 1.96 x 273.19,1665.52 + 1.96 x 273.19) = (1119.14,2211.9). For unbi-
ased prediction, YA’;mU, the actual m.s. prediction error has interval estimate given
by (4271.71, 12547.67). The difference in m.s. prediction error of the predictions,
if‘\;oga and EA’;w“ is very large. Is it worth while to get an unbiased estimate and pay

such a huge price on m.s. prediction error? To examine this, the leave-one-out
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simple bootstrap method and leave-one-out semiparametric bootstrap method are
used to predict the one withheld for each of the actual N observations.

The intervals discussed earlier are approximate normal prediction intervals
(PIs). We will use the bootstrap-t method to calculate better approximate pre-
diction intervals. As N — oo, the bootstrap and normal approximate intervals
converge to each other, but in general the bootstrap-t prediction intervals provide
better approximations than the normal approximate prediction intervals. The
bootstrap-t method is built by generating b bootstrapped samples and then com-
puting the bootstrap prediction of Y, for each samples. For example, if b = 1,000,
the estimate of the 2.5% point is thé 25th largest of the the Ysl;s and the estimate
of the 97.5% point is the 975th largest of the }Sbo§ Finally, the "hootstrap-t”

prediction interval with level a = 0.05 1s

~

(Y;’o — i(l—a) ﬁ@s, f’;o -+ IE(CY) @) .

Also, we investigate the stability of prediction intervals for Y, as the bootstrap
size b grows large.

Table 5.16 summarizes the results for normal and bootstrap-t prediction inter-
vals for Tha at 6 selected non-sampled plot locations. The bootstrapped samples
from b = 1,000,2,000, ... ,10. 000, were conducted, but we only summarize the
results for b = 1,000 and b = 10,000 bootstrapped samples because there is no
dramatical change as b increases. The lower and upper endpoints of bootstrap-t
prediction intervals for Tha at non-sampled plots greatly differ from the those of
normal prediction intervals. For bootstrap-t prediction intervals, the endpoints
of the first column in Table 5.16, f/;o, are much greater than the semiparametric
bootstrap method. The columns of }7’50,;, f’so,b, 57’;0’(1,, and f”;o,u i Table 5.16,

greatly differ from those based on semiparametric bootstrapped samples. This
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is because those prediction equations are based on the indirect correlation fitting

and the semiparametric method assumes the errors are correlated.
5.5.3 Prediction evaluation

In this section, cross-validated mean squared error (CVMSE) is used to eval-

uate the performance of predictions for plot based data and subplot based data.
5.5.3.1 Plot based data

The total number of plots used is N=313. Each time we leave out a plot and
use the prediction rules based on the remaining 312 plot observations to predict

it. Finally, we calculate the MSE by

N

MSE =Y (v~ 4:)*/N

i=1
where y; is the actual value and ¥; is the estimated value at plot ¢ using the
prediction rules based on the remaining (/N —1) observations. The estimated cross-
validated MSE (CVMSE) for M, Lt, and Tha data are summarized in Table 5.17.
We note that there is not much improvement in MSE for different prediction rules.
For M data, the reduction in MSE is very slight. The improvement for Lt data is
better than that for M data, but the best is only a 2% reduction. The predictions
do not work any better than using the sample mean for Tha. This is because
the coefficients in each prediction rules are about the same as those in the sample
mean, 1/(N — 1) = 0.0032. As mentioned in Chapter 3. the correlation among
plot based data is not large enough to reduce the MSE. We next examine whether
the prediction rules using subplot data show some improvement over using just

the sample mean.
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5.5.3.2 Subplot based data

The total number of subplots we used is N = 1470. The procedure for leave-
one-out cross validation is very time-consuming, so we only randomly selected
150 subplots (about 10%) to estimate the cross-validated MSE. The results are
summarized in Table 5.18. |

For It data, we note that exponential correlation fitting based on the Y
scale with direct and indirect correlation fitting, seems better no matter which
predictor equations we chose. Under diréct fitting of sample correlations there is
no big difference between Eqn. (5.20) with correlation ﬁttings (T)(1) and (I)(2).
For indirect fitting Eqn (5.22) with indirvect fitting (II)(1) and (II)(2), (II)(1)
is much better than (II)(2). The back-Transformed Predictions based on the Z
scale assume that there is not only a specific correlation function between the
data but also that there is a 3-parameter lognormal transformation between the
untransformed Y scale and the transformed 7 scale. For all three back-transformed
predictions based on the Z scale, the predictions with (II1)(2) are much worse than
those with (IIT)(1). The "unbiased” transformed back-transformed prediction has
the estimated MSE of 2953.69 (versus the estimated MSE for Eqn. { 5.20) with
(I)(1). 2982.51). We didn’t reduce the MSE with the stronger assumption under
(I1T). All predictions with both direct and indirect exponential fitting function are
much better than the predictions using just the sample mean to predict under the
leave-one-subplot-out procedure,

For Tha data, no matter what correlation functions we fit, the estimated CV
MSEs for all prediction rules are not much different; they ranged from 23.42 to
25.87. The estimated MSEs for correlation fitting (II} are slightly better than
those for the other correlation fittings. The estimated CVMSE for predictions
using just the sample mean of the (/N — 1) observation as the prediction at the

leave-out subplot is 45.90. In general, all prediction rules have an approximate
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44% reduction in MSE relative to using just the sample mean. The assumptions
for prediction rules (I)(1) and (I)(2) are weaker than the other prediction rules,
but the estimated CVMSEs are as good as the others. Thus predictions rules (I)
are suggested to predict for Tha at non-sampled subplots.

As to M data, we note that prediction rules (I) only improve estimation
slightly. The prediction rules (II)-(III) do not improve estimation at all compared
to the sample mean predictions. The "unbiased” back-transformed predictions
have large MSE. It’s because the subplot based M data does not follow a 3-
parameter lognormal. When we treat it as a 3-parameter lognormal, the "bias”
corrections force the predictions to be very different.

The coefficient ¢;’s in each prediction rules range from 0.6 through 0.2, which
are much larger than the weights in the sample mean, 1/(N — 1) =0.0007. Also,
the a; coefficients allow neighboring subplot observations to have negative weights
for the predictions. If the model assumptions hold, the prediction rules (I)-(III)
are better than the sample mean. For Lt data the reduction in M5SE is about 33%
and for Tha data it is approximately 44%.

Among the predictors, direct, indirect, "plain” back-transformed, "approxi-
mately” unbiased back-transformed, and "unbiased” back-transformed predictors,
the smallest prediction error belonged to the direct predictor, f’so. The direct
predictor XN/;.O doesn’t assume that Y'(.) follows a Gaussian process as a kriging
predictor does; and doesn’t assume there 1s a lognormal relationship between the
untransformed Y’s and the transformed Z’s. The predictors described in this
chapter have a closed form for the prediction error of an individual prediction.
To see how reliable they are, the simple bootstrap and semiparameter bootstrap

methods are suggested for the case as follows:

(a) if there exists strong spatial dependence among the data, the semiparametric

bootstrap method 1s suggested, or,

148

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



(b) if not, the simple bootstrap method will be ok and it is not as time-consuming

as the semiparametric bootstrap method.

The prediction errors of the M predictions at 6 non-sampled plot locations on the
0.85 mile are about the same value of v/3320 ~ 73. And the averages of 1,000
bootstrapped prediction errors using simple bootstrap and semiparametric boot-
strap methods are pretty close to the estimates of prediction error by substituting
the N observations and the estimated a; based on the N ohservations.

In summary, for subplot based data the prediction rules work well if the model
is correctly specified, but for plot based data the predictiqn rules do not work well
even if the model is correctly specified. The predictions based on plot data don’t
work well because adjacent plots contain little or no information (i.e. there is
essentially no spatial dependence at the plot scale of the data) about each other.
From correlation fittings, we can see that there is a strong spatial dependence at
the lag distance less than 0.85 mile and then the spatial correlation drops quickly
beyvond that. Even the correlation between 1.7-mile neighbors is only about 0.2.
Plots need to be a lot closer together to have useful spatial information or maybe
subplots should be used as primary sampling units instead of plots. Also, it is
not necessary to sample all five of the subplots for each plot to have useful spatial

dependence for predictions.
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Figure 5.1: Sample correlations and the fitted exponential function for M data'l
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Figure 5.2: Sample correlations and the fitted exponential function for Lt data™

o ]
o _|
i —— L.S Fitting with k= 0.3158 and theta= 0.1808
-------- W.L.S Fitling with k= 0.3198 and theta= 0.1775
©
<o
(1176
$(1176)
(588)
(=)
£
ket
<
[}
N
<<
""""" O o)
~~~~~~~~~~~~~~~~~~~~~~~~~~~~ ° 248)
o ]
e (261)
Q
(307) (525)
Q
T I I f f I f
0 2000 4000 6000 8000 10000 12000

distance (m)

1} the correlation function is p;; = e;rp(—f?d?j)

151

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 5.3: Sample correlations and the fitted exponential function for Tha data’
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Figure 5.4: Locations of all sample plots and six non-sample plots 1
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Table 5.1: The three predictions for 1,000 simulated M realizations

plOt Yso, b YSO: a YSO Ty, p,b UY,p a 03’, n

1 | 4145 5864 6242 | 5994.98 1659.15  5511.03
(11.44) (12.05) (16.27) | (1426.76) (283.17) (1302.55)
2 | 4176 58.92  62.78 | 5990.20 1657.52  5507.38
(10.04) (10.55) (14.16) | (1426.28) (282.99) (1302.13)
3 | 4213 59.27 63.25 | 5987.83 1657.08  5506.34
(10.63) (10.98) (14.61) | (1426.05) (283.02) (1302.14)
4 | 4174  58.90  62.80 | 5992.62 1658.60  5500.79
(8.94)  (9.52) (12.78) | (1426.41) (283.07) (1302.36)
5 | 4223 59.40  63.39 | 5991.94 1657.65  5507.66
(11.97) (12.20) (15.85) | (1426.50) (282.93) (1302.06)
6 | 41.68 58.86 6269 | 599242 1657.45  5507.19
(9.37)  (9.86) (13.08) | (1426.83) (283.03) (1302.17)

~

(a). EA'[YSO,(,)], é[&;py()(s())], and their estimated s.e., ETE(KO,(,)) and ?E(éf,,py(_))
(in parenthesis) based on 1,000 M realizations

plot | se(Vos) Mise(Vea) Mise(Ve)
1 4124.04 3853.11 3929.26
2 4583.31 4232.80 4269.08
3 5553.45 5141.50 5154.93
4 7299.96 7033.04 7068.82
5 7073.57 6617.54 6617.70
6 4967.53 4564.53 4594.44

A

(b). m.s.€.(Ys,()) based on 1,000 M realizations
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Table 5.2: The sample means of three predictions for 1,000 simulated Tha real-
izations

Yo

& &

<

plot Vs Yoo Yo |6

ot
A
ey b

b D, @ D

1 | mean | 41.48 43.11 43.12 | 562.84 541.83 560.23
s.e. 8.03 8.04 810 6293 60.81 62.64
2 | mean | 41.78 43.41 43.41 | 562.00 541.03 559.41
s.e. 6.43 6.43 648 | 63.93 61.77 63.63
3 | mean | 42.08 43.71 43.72 | 561.23 540.29 558.64
s.e. 6.62 6.60 6.65| 66.23 63.98  65.93
4 | mean | 41.83 43.46 43.47 | 562.38 541.39 559.78
s.e. 5.99 6.00 6.05| 63.78 61.63 63.49
5 | mean | 42.04 43.67 43.68 ) 562.70 541.70 560.10
s.€. 6.51 6.50 656 61.81 59.73 61.52
6 | mean | 41.90 43.53 43.54 | 562.70 541.69 560.09
s.e. 6.16 6.16 6.21 | 61.91 59.83 61.62

o

plOt Y;;Q, b )/80 )G YQO G G

LR

)
O~
Y,p,b Y,p,a P

1 | mean | 41.54 43.25 43.26 | 574.26 551.92 571.24
s.e. 6.24 628 6.32 | 61.21 5743 60.64
2 | mean | 41.76 43.47 43.48 | 573.81 551.49 570.80
s.e. 507  5.09 512 | 61.27 57.49  60.70
3 | mean | 41.94 43.65 43.66 | 573.70 5351.39 570.69
s.e. 497 498 5.01 | 61.32 5753 60.74
4 | mean | 41.74 43.45 43.46 | 574.10 551.77 571.08
s.e. 4.52 4.55 458 ¢ 61.23 5745  60.66
5 | mean | 41.96 43.67 43.68 | 573.84 551.51 570.81
s.e. 5.06 5.07 5.10 | 61.24 57.45 60.66
6 | mean | 41.80 43.51 43.52 | 573.81 5351.47 570.78
s.e. 481 483 486 61.26 5748 60.68

A A

Yios 10 Equn. (5.27) Yy, . in Eqn. (5.36) Y, in Equn. (5.41)

(a). ¥, in Bqn. (5.25) V., . in Eqn. (5.32) ¥,, in Eqn. (5.40)

~

. 1 1,000 b b
The rows of mean are calculated by 552,05 Yoy for Yo () and
1,000 R : 1,000 1tk
féﬁo" bo1 O ( for 62, o ie. Ifol‘(“)aszl bthestimate. The rows of s.e. are
s0,(- 50, (-
Ty 1,000 1 th _ 32
calculated by 555 20,2, (b estimate — mean)™.
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(Continued)

)

Q>
Y
3

G

Q>

plot _‘?SO, A

<y b2

2
50 = }
Y,p,b 1Dy G

1 | mean | 41.49 43.10 43.12 | 553.76 530.64 550.90
s.e. | 1036 10.42 10.51 | 81.89 76.64 81.11
2 | mean | 41.74 43.35 43.37 | 552.94 529.85 550.10
s.e. 861 8.64 871 | 8258 7732 81.80
3 | mean | 42.02 43.63 43.65 | 552.17 529.12 549.34
s.e. 852 853 8.60 | 84.28 79.00 83.31
4 | mean | 41.76 43.37 43.38 | 553.30 530.20 550.46
s.e. 778 7.82 787 | 8250 7724 81.72
5 | mean | 41.95 43.57 43.58 | 553.62 530.50 550.77
s.e. 819 820 826 | 81.05 7580 80.26
6 | mean | 41.83 4344 43.46 | 5353.62 530.50 550.76
s.e. 7.8 790 7.96 | 81.13 73.87 80.33

= = > A9 .
plot Yor Yo Y ol o
P, b Y,p.a

S
=
N

» P

1 | mean | 41.52 43.48 43.25 | 370.86 545.47 567.44
s.e. 8.72 886 8.88 | 114.53 104.38 113.00
2 | mean | 41.71 43.66 43.43 | 570.42 545.05 567.01
s.e. 746  T.64  7.57 | 114.52 104.37 112.99
3 | mean | 41.88 43.83 43.60 | 570.31 544.95 566.90
s.e. 7.28 744 738 | 114.53 104.39 113.01
4 | mean | 41.67 43.62 43.40 { 570.70 545.33 567.29
s.e. 6.77 6.94 6.87 | 114.53 104.38 113.00
5 | mean | 41.88 43.83 43.60 | 570.45 545.07 567.02
s.e. 718 7.38  7.26 | 114.50 104.35 112.97
6 | mean | 41.72 43.67 43.44 | 570.42 545.03 566.99
s.e. 6.96 7.16 7.03 ] 114.50 104.35 112.97

-~ o~ o~
sy o~

b). Vs s in Eqn. (5.30) ¥, . in Eqn. (5.37) ¥, in Eqn. (5.42
T 09 1 X}

o~ A
o~ e o~

Yo in Eqn. (5.31) Vo in Eqn. (5.38) Y, in Eqn. {5.43)

1 1,000 ¥rp
1,000 £sb=1 Yso,(.)

for YSZ’(.), and

The rows of mean are calculated by

1 1,000 ~ 9 ~92 . 1 1,000 1 ¢p, . )
765 b=t Oy . for G o Le. 1555 > oy bestimate. The rows of s.e. are
[ 0,1-
1,000

calculated by 2= 37,2 (0% estimate —mean)?.
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Table 5.3: The estimated mean squared errors (m.s.e.s) of three predictions for
1,000 simulated Tha realizations

plot | m.s.e. m.s.6. im.s.c. | M.5.c. M.5.6. in.5.¢.

( /So,b) (Yso,a,) (Yso) (E/;Ovb) (Yé‘o,a) <YSO)

1 |590.94 590.48 591.25 | 570.62 570.75 571.11

2 | 584.84 581.75 582.28 | 572.19 369.21 569.45

3 | 588.80 584.94 585.31 | 571.53 567.20 567.36

4 | 567.80 569.01 569.45 | 557.78 559.80 559.98

5 1635.11 631.36 631.84 | 623.82 620.01 620.18

6 | B77.37 573.25 573.73 | 564.58 559.76  559.97

plot | m.s.e. m.s.e. m.s.€. | M.5.€. M.S.6. M.5.6

Vo) (Yea) (Vo) | (Vaop) (Yapa) (V)

1 | 626.72 627.75 629.27 | 600.76 604.18 603.35

2 | 612.83 608.73 609.81 | 597.80 600.28 594.24

3 160292 599.85 600.43 | 585.11 580.47 581.91

4 | 588.56 589.37 590.02 | 579.19 582.79 581.26

5 | 658.56 654.40 655.08 | 648.55 648.26 644.77

6 | 593.11 588.00 588.61 | 581.27 580.69 575.87
n.s.e(Y)) = 1—7701-55 ;,’__Ofo(};li]\;“ — Y} np)? where Yy i = 1,...,6 denote
the prediction at non-sampled plot ¢ using those three prediction rules based on
the generated values at sampled plots, 1,..., N = 312 from the b generated

realization of size (N + 6), and Yy, denotes the " generated values at non-
sampled plot ¢.
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Figure 5.5: 1,000 simulated Tha values at 6 non-sampled plots and 1,000 Tha
predicitons at 6 non-sampled plots using prediction rules based on N = 312 gen-
erated simulated Tha values at sampled plots. !
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Figure 5.6: The averages of predictions of Tha at 6 non-sampled plots based on
b realizations !
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Figure 5.7: The averages of m.s. prediction errors of Tha at 6 non-sampled plots
based on b realizations U
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Figure 5.8: The estimated m.s. prediction errors of Tha at 6 non-sampled plots
based on b realizations !
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Table 5.4: The sample means of three predictions for 1,000 simulated Lt realiza-
tions
plot 17;075 l/}so,a Y., érfa,myb &%’p’a &%’p
1 | mean | 326.65 386.14 393.43 | 78029.13 44950.54 73047.77
s.e. | 269.69 268.76 294.67 | 16179.68  9182.64 15797.99
2 | mean | 313.99 373.09 378.59 | 77478.82 44622.34 72515.31
s.e. | 138.36 137.16 149.43 | 17428.37 9840.14 17212.86
3 | mean | 313.00 371.78 377.25 | 77201.84 44486.38 72275.49
s.e. 85.35  84.24  93.30 | 18205.02 10243.84 18151.96
4 | mean | 313.20 372.44 377.86 | 77773.47 44808.08 72821.06
s.e. 84.25 82.33 87.73 | 16629.55  9422.52 16299.57
5 | mean | 317.48 376.74 382.81 | 77507.75 44598.28 72510.77
s.e. | 107.09 105.53 116.33 | 16910.40  9592.73 16582.98
6 | mean | 313.58 372.98 378.69 | 77644.60 44676.59 72622.34
s.e. 91.19  90.24 100.14 | 16939.75  9590.60 16632.10
plot ?so,b ?so,a ?so &127,29,6 &%m’a 5%})
1 | mean | 308.98 369.25 374.65 | 84856.95 49228.27 80325.58
s.e. 89.16  95.06 104.46 | 23578.76 12173.23 22124.56
2 | mean | 307.04 367.27 372.32 | 84805.06 49197.40 80282.35
s.e. 55.23  61.03  64.80 | 23560.53 12163.67 22110.38
3 | mean | 306.75 366.93 371.91 | 84783.57 49189.29 80270.90
s.e. 47.29  52.63  55.09 | 23554.82 12162.34 22108.09
4 | mean | 307.27 367.51 372.56 | 84833.37 49217.39 80310.44
s.e. 45.42  50.08  52.64 | 23570.77 12169.95 22120.14
5 | mean | 308.39 368.66 373.87 | 84817.83 49198.62 80284.19
s.e. 47.49  51.82  54.82 | 23563.90 12162.99 22109.83
6 | mean | 306.03 366.32 371.23 | 84820.80 49196.06 80280.33
il s.e 41.34  46.52  48.69 | 23563.88 12161.62 22106.55
(a). }Zo,b in Eqn. (5.25) SA/SO,G in Eqn. (5.32) Y}, in Eqn. (5.40)
Yso.5 in Eqn. (5.27) EN/SO,Q in Eqn. (5.36) Y,,, in Eqn. (5.41)
The rows of mean are calculated by ﬁ ;,:010 0 f/sz’(') for 1;;%7(_),
féfﬁ Lo c“r}?,b ( for 62, , ie f()l'dﬁ}:;ffo bt estimate. The rows of s.e.
204~ £0
1,000

calculated by 1555 >0,

(b estimate — mean)
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(Continued)

ol a

~ 2 Q ~ 2
plot Yorir Ysa Y o Z
7, b ¥,

’~<)} 1)
) 0

P

1 | mean | 359.48 417.58 432.69 | 76971.53 43889.41 72058.78
s.e. | 776.63 778.60 910.00 | 27094.87 13015.20 25296.49
Z |mean | 326.94 384.65 393.08 | 76411.08 43566.81 71526.18
s.e. | 333.86 336.09 382.99 | 27384.14 13321.48 25676.91
3 | mean | 317.37 374.77 381.40 | 76132.88 43435.94 71294.61
s.e. | 120.35 124.91 138.04 | 27658.64 13544.89 26041.26
4 | mean | 315.48 373.34 379.50 | 76707.87 43748.43 71829.08
s.e. | 102.62 106.57 114.94 | 27139.61 13112.97 25387.70
5 | mean | 316.75 374.61 380.52 | 76427.11 43536.88 71503.01
s.e. | 105.45 107.10 116.84 | 27073.93 13142.12 25307.60
6 | mean | 312.99 371.01 376.60 | 76575.95 43616.78 71624.78
s.€. 91.88  94.74 104.01 | 27209.12 13169.34 25427.57

&

plot Yoo Yoo Y, o

sy

2
p,b Y,p,a

<)y b0

2 P

1 | mean | 317.08 377.78 385.07 | 92798.91 51250.31 87602.69
s.e. | 141.43 152.28 180.87 | 79279.73 29398.90 73370.07
2 |mean | 311.49 372.14 377.66 | 92738.83 51217.06 87553.97
s.e. 97.03 108.47 122.89 | 79189.60 29366.22 73308.31
3 | mean | 310.03 370.64 375.55 | 92714.22 51208.45 87541.16
s.e. 82.49  94.05 100.83 | 79154.84 29358.38 73290.41
4 Imean | 309.90 370.56 375.29 | 92771.72 51238.73 87586.01
s.e. 77.55  88.85  94.02 | 79242.60 29388.73 73353.46
5 |mean | 310.92 371.61 376.45 | 92753.92 51218.29 87556.04
s.e. 78.78  89.86  95.16 | 79214.79 29367.48 73313.42
6 | mean | 308.43 369.14 373.59 | 92756.85 51215.02 87550.38
s.e. 74.09 8585 90.23 | 79207.74 29359.33 73291.06

~
o~

{(b). Y, » in Eqn. (5. 30) YSO . in Eqn. (5.37) ‘}7307 in Eqn. (5.42)
Y4 in Bqn. (5.31) V,, . in Eqn. (5.38) Y, in Eqn. (5.43)

The rows of mean are calculated by 1000 ZlOOOYSb() for EA/S%’(.), and

1 1,000 a9 1 1,000 ¢ ¢4
1,000 blayb v ; Le. 1,000 by 0

0,
calculated by 1555 S8 Ooo(bih estimate —mean)?.

for 62 ‘estimate. The rows of s.e. are
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Table 5.5: The estimated mean squared errors (m.s.e.s) of three predictions for

1,000 simulated Lt realizations

plot | m.s.€. i.5.€. mn.s.c. f.s.€. m.5.€. m.s.€.
(}/so,b) (szo,a) (Y;O) (Y;o,b) (}jsova) (}/30)
1 136516.64 136104.61 150453.49 | 74334.88 73072.45 74847.27
2 91086.77  87691.69  91205.56 | 76642.17 73484.53 73960.59
3 87409.71  83643.42  85024.20 | 83083.56 78817.41 78976.41
4 88016.31  85951.49  86937.81 | 83255.54 81628.07 82054.64
5) 102449.84  98527.68 100654.85 | 95684.83 91380.36 91558.32
6 85668.90  82139.32  84269.69 | 77983.36 73731.84 74021.62
plot | Mm.s.€. m.s.c. m.s.e. m.s.e. m.5.¢. m.5.€.
YSOvb) (Ysoya) (YSO) (Ys(hb) (Y7501a> (Yso)
1.00 | 664433.89 671152.29 894327.18 | 84225.36 85841.56 95514.36
2.00 | 178954.31 178707.85 212130.77 | 81551.49 80655.10 83431.71
3.00 | 92412.14  90147.98  93269.51 | 85489.73 82860.87 83879.39
4.60 | 90786.52  90025.33  91996.35 | 86366.76 86493.45 87555.78
5.00 | 101986.42 98482.36  100424.78 | 98846.57 96224.07 96880.58
6.00 | 84557.50  81262.28  83202.99 | 80058.34 77376.78 TT7728.57
m.s.e(Yy) = o5 ;’Zofo(Y;NH — Y} yii)? where VP @ = 1,...,6 denote

the prediction at non-sampled plot ¢ using those three prediction rules based on
the generated values at sampled plots, 1,..., N = 312 from the 5" generated
realization of size (N + 6), and Y] x|, denotes the b generated values at non-
sampled plot 1.
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Figure 5.9: 1,000 simulated Lt values at 6 non-sampled plots and 1,000 Lt predici-
tons at 6 non-sampled plots using prediction rules based on N = 312 generated
simulated Lt values at sampled plots. 1
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(Continued)
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Figure 5.10: The averages of predictions of Lt at 6 non-sampled plots based on b
realizations ™

o O back-transformed o O back-transformed
Ll A asymptotic 2 7 A asymptotic
-+ unbiased -+ unbiased
@ f= @ o
o & L 8 4
g ¥ + [C S
5 T T T S - T - - g T N A S T
Z ] O zZ fo] [C R (]
(=] <
0 A 3 4
(3] [<r}
A
o la A & 4, A A b5 A A o |a 2 & & 4o A A A a &
o Q4
@ [$F)
T T T T T T T T T T
200 400 800 800 1000 200 400 800 800 1000
Plot 1 Plot 2

° O back-transformed o O back-iransformed
2 A asymptotic 2 1 FAN asymptotic
- unbiased + unbiased
» © e o |
g § 1 g ¥
g R R CR St A AR ol :% R R e L s A &
jal j=l
8 7 8
g | A A& A A A A A A A & g |2 A A A A A A A & A
[ [23
200 400 600 800 1000 200 400 800 800 1000
Plot 3 Piot 4
o O back-transformed o O back-transformed
2 FAN asymptotic EE A asymptotic
-+ unbiased -+ unbiased
D (] fo) <
8 g g
O
:% . & B OB LRt s M - R c S 2 z - g B B &TTETTETTE e
8 2
A
g | & A A A A A 8 A A g |a 2 & A o aA A A A A
[ o
: T T - r . T . :
200 400 600 800 1000 200 400 600 800 1000
Plot 5 Plot 6

1 b=100, 200, . .. , 1000.

168

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Figure 5.11: The averages of m.s. predictions of Lt at 6 non-sampled plots based
on b realizations !
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Figure 5.12: The estimated m.s. predictions of Lt at 6 non-sampled plots based
on b realizations !
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Table 5.6: The M predictions at the selected 6 non-sampled plot locations from

bootstrapped samples

Average of 1,000 Bootstrapped Estimates
Plug-in Simple Semiparametric
Estimates'] Bootstrap Bootstrap
piot Y:so b Yso, a Yso }fso, b Ys(), a }fso Y S0, b yso ,a Yso
i 29.27  46.57  45.08 36.95 54.78 56.79 34.16 51.38 52.22
(8.40)  (9.76)  (12.96) (7.85)  (8.99) (12.10)
2 37.87 B5.14 57.33 39.63 57.45 60.48 38.83 56.03 58.74
(3.89)  (5.41) (7.10) (3.26) (4.62) (6.03)
3 46.82  64.08 70.10 43.90 61.71 66.29 45.03 62.21 67.34
(4.84)  (3.87) (4.96) (4.04)  (3.46) (4.43)
4 31.87 49.16  48.78 37.93 BbH.76 58.12 35.64 52.85 54.26
(6.23) (7.61) (10.13) (5.84)  (6.99) (9.41)
5 56.04  73.33  83.33 47.62 65.45 71.58 51.84 69.05 77.05
(8.68)  (7.79)  (10.54) (8.11)  (7.52)  (10.34)
6 57.13 7441  B4.88 49.34  67.18 73.80 53.12 70.35 78.72
(14.83)  (13.63)  (17.63) | (12.24) (11.33) (14.89)
Plug-in Simple Semiparametric
Estimates'! Bootstrap Bootstrap
) 3 5 =7 =2 =7 =2 =2 =7
plOt 9y p.b UY,J), a Oy p Ty, p,b O¥,p,a Tv.p OY. p,b 0¥ . p,a Oy, P
1 | 5791.1 1665.5 5323.3 5995.0  1659.2 5511.0 6021.4 1665.8 5535.7
(1426.8) (283.2) (1302.5) | (1307.1) (273.2) (1194.4)
2 | 5786.5 1664.1 5320.2 5990.2 1657.1 5507.4 6016.4  1664.1 5531.9
(1426.3) (283.0) (1302.1) | (1306.3) (273.0) (1193.7)
3 | 5784.0 1663.5 5318.8 5987.8  1657.1 5506.3 6014.6  1663.6 5530.8
(1426.1) (283.0) (1302.1) | (1306.0) (273.0) (1193.6)
4 | 5789.4 1665.2 5322.6 5992.6  1658.6 5509.8 6019.0 1665.2 5534.4
(1426.4) (283.1) (1302.4) | (1306.6) (273.1) (1194.1)
5 | 5788.6 1664.6 5321.3 5991.9 1657.6 BbG7.7 6018.2  1664.2 5532.3
(1426.5) (282.9) (1302.1) | (1306.6) (273.0) (1193.7)
6 | 5788.0 1664.2 5320.3 | (5992.4) 16574 5507.2 6018.7 1664.0 5531.7
(1426.8) (283.0) (1302.2) | (1306.8) (273.1) (1193.8)

U The plug-in estimates for 6, , , and 3 , are calculated by plugging in the N observations

and the estimated a; based on the N cbservatoins. Also, the sample standard deviations of

N ~ 9 . .
Yso,ar Yoo, 0% . a and 7y, are listed in parentheses.
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Table 5.7: The Plug-in estimates for M at the selected 6 non-sampled plot loca-
tions

Plug-in Estimates')
plot Y, Yo I Yoo Yo.a Yeo,u
1 14.16 54.71 29.15 46.66 44.87
43.73 60.01 37.79 55.26 57.17
70.20 62.24 46.87 64.33 70.12
34.58 53.23 31.81 49.30 48.65
79.14 73.80 56.08 73.57 83.32
136.13 77.26 57.26 74.75 85.01
Plug-in Estimates']
plOt &%’,p 632’ P, L &%’,p,b &g’ P,a &%}”,p,u
1 12783.20 | 4355.37 | 5930.36 1708.26 5451.60
2781.68 | 4352.69 | 5925.70 1706.83 5448.46
2778.71 | 4351.56 | 5923.16 1706.20 5447.08
2783.03 | 4354.70 | 5928.64 1707.95 5450.92
2782.49 | 4353.52 | 5927.74 1707.30 5449.50
2779.34 | 4352.94 | 5927.17 1706.83 5448.47

Oy O W B

Sy O W N

1 The plug-in estimates for Y;,, 5750,;, Yio. 00 Yoo ar Yao u, (r%yp, &%}pyl, é'?,’p'b, &%,p,a: and
6'52,-7 pou 8re calculated by plugging the N observations and the estimated a; based on the N
observatoins into Eqns. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), (5.23), (5.29), (5.39), and
{5.45), repsectively.
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Table 5.8: The averages of M predictions at the selected 6 non-sampled plot
locations from bootstrapped samples

1,000 bootstrapped samples

Plot Yso YSO,I Yso,b YSQ,(Z Y’SQ,U
Simple Bootstrap Method
1 62.84 62.41 41.61 59.72 62.75
(9.74) | (7.32) | (6.69) | (10.59) | (8.71)
2 62.30 62.36 | 41.32 59.42 62.31
(10.57) | (8.12) | (7.15) | (10.99) | (9.41)
3 62.66 62.92 41.77 59.86 62.87
(9.62) | (8.86) | (7.05) | (10.55) | (8.41)
4 62.90 62.59 41.70 59.80 62.86
(9.84) | (7.75) | (6.69) | (10.53) | (8.57)
5 62.38 62.66 41.72 59.83 62.82
(10.08) | (7.19) | (6.44) | (10.67) | (8.06)
6 62.92 62.67 41.77 59.89 62.92
(11.08) | (7.95) | (6.73) | (10.81) | (8.62)
Semiparametric Bootstrap Method
1 62.03 61.34 50.03 59.76 60.59
(27.51) | (31.54) | (28.17) | (28.16) | (31.03)
2 62.96 63.34 52.07 61.79 62.77
(27.20) | (31.05) | (28.28) | (28.12) | (30.98)
3 653.50 63.59 52.42 62.12 63.22
(25.74) | (30.78) | (28.16) | (28.16) | (30.93)
4 64.86 65.46 53.57 63.30 64.46
(30.28) | (35.29) | (31.81) | {31.67) | (34.54)
5 62.71 63.17 51.53 61.25 62.28
(26.88) | (32.74) | (29.60) | (29.59) | (32.65)
6 63.16 63.35 51.68 61.40 62.44
(27.17) | (31.88) | (28.21) | (28.24) | (31.20)

U The bootstrapped estimates for ?so, 3750,1, Yio by 5750,&, ?sozw &%’p, &% p 1> &%’p)b, &g/’p,a,
and &%/, p u AT€ calculated by plugging the bootstrapped samples and the estimated a; based on
the bootstrapped samples into Eqns. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), (5.23), (5.29),
(5.39), and (5.45), repsectively. Also, the averages of the bootstrapped estimates are listed and

their sample standard deviations are listed in parentheses.
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Table 5.9: The normal and bootstrap-t prediction interval (PI) with level & = 0.05
estimates for M at the selected 6 non-sampled plot locations

Plot YSU l S/so,I s Yso,b [ 3/50,@ ! Y;'o,u
Normal Interval Estimates
1 (-89.25, 117.56) | (-74.64, 184.06) | (-121.78, 180.09) | (-34.35, 127.66) | (-99.85, 189.58)
2 (-569.64, 147.11) | (-69.30, 189.32) | (-113.09, 188.67) | (-25.71, 136.24) | (-87.50, 201.85)
3 (-33.11, 173.52) | (-67.05, 191.53) | (-103.97, 197.72) | (-16.63, 145.29) | (-74.54, 214.77)
4 (-68.82, 137.98) | (-76.11, 182.57) | (-119.10, 182.73) | (-31.70, 130.30) | {-96.05, 193.36)
5 (-24.24, 182.53) | (-55.52, 203.13) | (-94.82,206.99) | (-7.42, 154.56) | {-61.37, 228.01)
6§ ( 32.80, 239.46) | (-52.05, 206.58) | (-93.63, 208.16) | (-6.22, 155.73) | (-59.67, 229.68)
Bootstrap-t Interval Estimates

Plot Simple Bootstrap Method:1,000 bootstrapped samples
1 (41.98, 72.21) {37.22, 64.04) (-0.46, 28.64) (38.88, 55.28) (30.69, 69.04)
2 (71.22,99.34) | (88.01, 118.12) (36.02, 67.14) (77.11, 94.03) | (76.88, 120.09)
3 (45.35, 76.27) (47.02, 77.50) {( 4.02,34.44) {43.91, 60.95) (36.00, 78.34)
4 (44.01, 74.51) (37.78, 63.77) { 0.57, 28.48) {39.94, 55.93) (33.35, 69.71)
5 (36.57, 65.83) (34.55, 62.38) (-8.87, 21.02) (30.23, 46.69) (19.98, 60.20)
6 {41.88, 77.88) (45.48, 72.45) (12.88, 40.92) (52.64, 68.84) (48.09, 85.80)

Plot Semiparametric Bootstrap Method:1,000 bootstrapped samples I
1 (9.85,93.01) | (-2.52,118.82) (-28.35 97.54) (15.59, 82.35) | (-12.04, 118.62)
2 (77.59, 161.45) | (61.61, 185.29) { 35.39 160.09) | (77.15, 145.15) | ( 57.89, 191.76)
3 (20.50, 103.15) | (12.13, 127.13) (-20.66 103.08) (21.76, 88.13) | {-3.48,128.60)
4 (24.76, 118.24) | (14.56, 155.56) (-10.10 135.39) | (32.90, 109.94) | { 7.08, 157.86)
5 (11.54,94.69) | (-1.55,119.78) {-26.34 99.95) (16.52, 85.51) | (-10.59, 125.03)
8 {24.23, 110.49) | (12.57, 137.67) (-11.20 114.04) (32.65,99.71) | (6.87,139.83)

Normal Pls for M at non-sampled plots with level o = 0.05 are

(}7;0 — 1.96 mspe, Y, + 1.96 @) . Bootstrap-t Pls for Tha at non-sampled plots

with level o = 0.05 are (EN/SO - 5(1_a) mspe, Vs, + f(a) @) , where the empirical

« and 1 — o quantiles is defined by the & largest and (b4 1 — k) largest values of
Y&SO, respectively, and k& = [(b+ 1)a], the largest integer < (b + 1)a.
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Table 5.10: The Plug-in estimates for Lt at the selected 6 non-sampled plot loca-
tions

Plug-in Estimates']
plot Yoo Yoo 1 Yo, b Yio.a Yoo, u
366.99 367.64 301.14 360.21 364.78
382.81 367.64 301.14 360.21 364.78
337.75 367.64 301.14 360.21 364.78
364.88 367.64 301.14 360.21 364.78
353.88 367.64 301.14 360.21 364.78
332.11 367.64 301.14 360.21 364.78
Plug-in Estimates']
plOt 632/',13 &}2’,7), I &}2’, ) 6%‘,;}. a &g’p, u
1 70124.14 | 70076.19 | 80519.00 47181.89 76268.33
69990.37 | 70076.19 | 80519.00 47181.89 76268.33
69971.56 | 70076.19 | 80519.00 47181.89 76268.33
70066.70 | 70076.19 | 80519.00 47181.89 76268.33
69976.19 | 70076.19 | 80519.00 47181.89 76268.33
69986.57 | 70076.19 | 80519.00 47181.89 76268.33

S O W 0 D

U The plug-in estimates for Y, 3750)1, Yio s, 3730,&, Yio,us &%p, &gfﬁpyj, &Bzf,p;br &%;,p,a, and
&% p.u are calculated by plugging the N observations and the estimated a; based on the N
observatoins into Equs. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), (5.23), (5.29), (5.29), and
{5.4B), repsectively.
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Table 5.11: The averages of Lt predictions at the selected 6 non-sampled plot
locations from bootstrapped samples

1,000 bootstrapped samples

o~ ~

Plot | Y, Yor | Yaoi | Vi
Simple Bootstrap Method
1 366.65 | 368.38 | 302.83 | 362.03 | 366.84
(39.72) | (38.98) | (37.31) | (37.11) | (40.84)
2 369.06 | 367.25 | 301.64 | 360.81 | 365.56
(40.67) | (35.77) | (32.29) | (33.58) | (37.09)
3 369.03 | 369.83 | 304.12 | 363.25 | 368.26
(43.12) | (39.98) | (38.87) | (38.65) | (42.25)
4 367.40 | 368.21 | 302.40 | 361.57 | 366.34
(44.44) | (37.97) | (36.03) | (36.27) | (39.73)
5 366.60 | 366.27 | 301.45 | 360.64 | 365.34
(42.59) | (38.36) | (34.45) | (35.45) | (39.12)
6 367.82 | 366.85 | 301.80 | 361.02 | 365.85
( 41.58) | (39.13) | (35.91) | (37.47) | (41.36)
Semiparametric Bootstrap Method
1 370.84 | 370.80 | 312.95 | 366.07 | 369.50
(64.94) | (66.48) | (64.10) | (64.59) | (67.62)
2 371.00 | 370.03 | 312.23 | 365.27 | 368.67
( 66.03) | (65.64) | (64.17) | (65.26) | (68.38)
3 370.73 | 370.78 | 313.07 | 366.06 | 369.56
(68.32) | (68.54) | (67.23) | (68.42) | (71.42)
4 370.83 | 371.26 | 313.20 | 366.26 | 369.79
( 66.46) | (66.65) | (64.60) | (66.01) | 68.92)
5 367.38 | 367.94 | 310.13 | 363.22 | 366.42
( 68.10) | (69.35) | (67.34) | (68.79) | (72.57)
6 368.42 | 368.11 | 310.25 | 363.38 | 366.66
(68.17) | (69.11) | (67.03) | (68.82) | (72.55)

|

S0, U

U The bootstrapped estimates for Yi,, Yso.1, Yoo by Yso ar Yao.u, 6% 51 O p 1 % p 1 T p s
and 6% pou BI€ calculated by plugging the bootstrapped samples and the estimated a; based on
the bootstrapped samples into Equs. (5.20), (5.22), {5.31), (5.38), (5.43), (5.21), (5.23), (5.29),
(5.39), and (5.45), repsectively. Also, the averages of the bootstrapped estimates are listed and

their sample standard deviations are listed in parentheses.
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Table 5.12: The normal and bootstrap-t prediction interval (PI) with level o =
0.05 estimates for Lt at the selected 6 non-sampled plot locations

Plot

Y,

e
SQ,I

|

YSQ,?}

|

T
}/So,a

Yio,u

Normal Interval Estimates

O OF e DD e

(-152.03, 886.02)
(-135.72, 901.35)
(-160.71, 876.21)
(-153.93, 883.70)
(-164.60, 872.36)
(-186.41, 850.63)

(-151.21, 886.49)
(-151.21, 886.49)
(-151.21, 886.49)
(-151.21, 886.49)
(-151.21, 886.49)
(-151.21, 886.49)

(-255.03, 857.30)
(-255.03, 857.30)
(-255.03, 857.30)
(-255.03, 857.30)
(-255.03, 857.30)
(-255.03, 857.30)

(-65.53, 785.95)
(-65.53, 785.95)
(-65.53, 785.95)
(-65.53, 785.95)
(-65.53, 785.95)
(-65.53, 785.95)

(-176.51, 906.06)
(-176.51, 906.06)
(-176.51, 906.06)
(-176.51, 906.06)
-176.51, 906.06)
-176.51, 906.06)

v

Bootstrap-t Interval Estimates

Plot

Simple Bootstrap

Method:1,000 bootstrapped samples

ot

(514.97, 641.06)
(518.84, 643.61)
(514.34, 653.66)
(511.89, 645.16)
(515.56, 645.14)
(512.29, 640.76)

(563.48, 704.04)
(564.22, 715.59)
(570.52, 726.38)
(571.31, 713.74)
(558.48, 705.80)
(562.69, 719.29)

(459.80, 623.84)
(470.98, 625.87)
(478.52, 637.50)
(475.22, 634.26)
(462.54, 617.17)
(472.00, 634.52)

(466.42, 554.90)
(470.88, 558.85)
(475.07, 565.85)
(473.90, 557.23)
(466.12, 556.16)
(469.82, 561.11)

569.37, 754 .65)
582.00, 758.81)
586.27, 769.57)
586.76, 751.72)
)
)

576.65, 766.37

Semiparametric Bootstrap Method:1,000 bootstrapped sample

=
S N ol R I ST )
c+

(435.03, 641.82)
(434.94, 639.46)
(433.49, 640.55)
(433.52, 637.05)
(423.41, 633.26)
(429.98, 638.48)

(47457, 126.97)
(471.47, 726.77)
(46753, 726.94)
(467.44, 723.88)
(453.51, 719.50)
(463.94, 722.66)

(383.46, 672.45)
(380.55, 668.74)
(380.25, 673.03)
(379.58, 668.09)
(362.34, 660.63)
(372.72, 663.41)

(393.78, 550.58)
(393.00, 549.71)
(390.62, 549.86)
(390.25, 550.84)
(382.68, 546.14)
(387.56, 546.52)

(

(

(

(

(570.35, 749.66

(

S

(483,79, 775.28)

(478.96, 773.91)

(478.89, T77.44)

(477.24, 776.45)

(455.72, 768.07)
)

(466.78, 770.66

Normal PlIs

for Lt

at

non-sampled plots

with level o =

0.05 are

({/so — 1.96 mspe, Ys, + 1.96 @) . Bootstrap-t PIs for Tha at non-sampled plots

with level a = 0.05 are (EN/SO - f(l_a) mspe, Ys, + {() T@) , where the empirical

o and 1 — & quantiles is defined by the & largest and (b+ 1 — k) largest values of
Yb) ., respectively, and & = [(b+ 1)a], the largest integer < (b+ 1)a.

()5
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Figure 5.13: 1000 bootstrapping predictions of Tha at 6 non-sampled plots by
using the simple bootstrap method
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Figure 5.14: 1000 bootstrapping predictions of M at 6 non-sampled plots by using
the semiparametric bootstrap method
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Table 5.13: The Plug-in estimates for Tha at the selected 6 non-sampled plot
locations

Plug-in Estimates']
plot | Y, Viod | Yoo Yoo Yo

1 43.06 | 42.62 | 40.76 4248 4247
2 4491 | 45.76 | 4391 45.63  45.66
3 41.99 | 41.37 | 39.52 4124  41.22
4 41.74 | 40.75 | 38.87  40.59  40.57
) 43.76 | 43.57 | 42.28 44.00 44.01
6 45.15 | 46.06 | 44.88  46.60  46.64

Plug-in Estimates']
plOt 5-%/, P &}2’ p, 1 &}2" p. b &}2’, P o 6'32”, DU
1 | 587.01 | 590.50 | 577.61 555.80 574.59
586.37 | 589.59 | 576.71 554.93 573.70
586.33 | 589.44 | 576.55 554.79 573.56
586.73 | 590.11 | 577.22 555.43 574.21
586.20 | 589.48 | 576.63 554.83 573.60
586.32 | 589.58 | 576.74 554.93 573.69

Sy O s D

U The plug-in estimates for Vi, Yao.7, Yso,b) Yoo, ar Yeo,us 6% 50 T, 1 G% 5 s 0% p 4 and
&%, pu ATE calculated by plugging the N observations and the estimated a; based on the N
observatoins into Equs. (5.20), (5.22), (5.31), (5.38), (5.43), {5.21), {(5.23), {5.29), (5.39), and
(5.45), repsectively.
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Table 5.14: The averages of Tha predictions at the selected 6 non-sampled plot
locations from bootstrapped samples

1,000 bootstrapped samples

~ R ~ ~

30 YS(),I Yso,b Yso,a, yyso,u
Simple Bootstrap Method
1 43.35 | 43.40 | 41.65 | 43.32 | 43.33
(3.72) | (3.96) | (4.03) | (3.94) | (3.96)
2 43.48 | 43.48 | 41.74 | 43.41 | 43.42
( 3.64) | (3.53) | (3.59) | (3.52) | (3.55)
3 43.34 | 43.41 | 41.66 | 43.33 | 43.34
(13.43) | (3.56) | (3.64) | (3.56) | (3.59)
4 43.58 | 43.49 | 41.75 | 43.42 | 43.43
(4.10) | (3.89) | (3.93) | (3.87) | (3.90)
5 43.39 | 43.37 | 41.64 | 43.31 | 43.32
(3.71) | (3.62) | (3.70) | (3.65) | (3.67)
6 43.59 | 43.57 | 41.82 | 43.49 | 43.50
( 3.85) | (4.05) | (4.11) | (4.01) | (4.03)
Semiparametric Bootstrap Method
1 43.87 | 43.87 | 42.10 | 43.78 | 43.80
(5.87) ] (5.93) | (5.99) | (5.88) | (5.90)
2 43.55 | 43.57 | 41.85 | 43.52 | 43.53
( 5.94) | (6.10) | (6.20) | (6.10) | (6.12)
3 43.42 | 43.46 | 41.71 | 43.39 | 43.40
(6.13) | (6.11) | (6.19) | (6.10) | (6.12)
4 43.42 | 43.43 | 41.70 | 43.38 | 43.39
( 6.08) | (6.01) | (6.09) | (6.01) | (6.03)
5 43.76 | 43.67 | 41.93 | 43.61 | 43.62
(15.86) | (5.77) | (5.88) | (5.78) | (5.80)
6 43.75 | 43.72 | 41.97 | 43.65 | 43.67
( 5.66) | (5.58) | (5.67) | (5.58) | (5.60)

Plot ?

U The bootstrapped estimates for Y,,, 57,50,1, ?so,b, 37'30,@, ?so’u, 6’%,123, Er%ypyl, &%’plb, &%}p’a,
and c"r%,y p u ATE calculated by plugging the bootstrapped samples and the estimated a; based on
the bootstrapped samples into Eqns. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), (5.23), (5.29),
{5.39), and (5.45), repsectively. Also, the averages of the bootstrapped estimates are listed and

their sample standard deviations are listed in parentheses.
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Table 5.15: The averages of m.s.p.e. for Tha predictions at the selected 6 non-
sampled plot locations from bootstrapped samples

~D ~ 32 ~2 ~2 ~ 2
Plot | 6y, | 6%,1 | 6%ps  O%pa %

1,000 bootstrapped samples

Simple Bootstrap Method

1 576.39 | 576.41 | 562.23 | 538.98 | 559.07
(57.72) | (62.94) | (73.03) | (67.64) | (72.00)
2 576.11 | 576.13 | 561.95 | 538.72 | 558.80
(57.77) | (62.98) | (73.05) | (67.66) | (72.02)
3 576.04 | 576.06 | 561.88 | 538.65 | 558.73
(57.81) | (63.01) | (73.07) | {67.69) | (72.04)
4 576.29 | 576.31 | 562.13 | 538.88 | 558.97
(57.73) | (62.95) | (73.03) | (67.64) | (71.99)
5 576.13 | 576.14 | 561.97 | 538.72 | 558.81
(57.73) | (62.94) | (73.02) | (67.63) | (71.98)
6 576.10 | 576.12 | 561.95 | 538.71 | 558.79
(57.79) | (62.98) | (73.06) | (67.67) | (72.02)

Semiparametric Bootstrap Method

1 579.24 | 579.21 | 367.53 | 544.21 | 564.36
(49.37) | (52.49) | (56.65) | (51.10) | (55.66)
2 578.88 | 578.85 | 567.17 | 543.87 | 564.01
(49.39) | (52.50) | (56.64) | (51.09) | (55.64)
3 578.79 | 578.76 | 567.08 | 543.79 | 563.92
(49.41) | (52.52) | (56.65) | (51.10) | (55.66)
4 579.11 | 579.08 | 567.40 | 544.09 | 564.23
(49.36) | (52.48) | (56.64) | (51.09) | (55.64)
5 578.89 | 578.85 | 567.19 | 543.87 | 564.01
(49.36) | (52.48) | (56.62) | (51.07) | (55.62)
6 578.87 | 578.84 | 567.17 | 543.86 | 563.99
(49.39) | (52.51) | (56.65) | (51.10) | (55.65)

1] The bootstrapped estimates for ?’50, ?8071, 3730,5, SN’SOIG, ‘Zo)u, é-;z,’p, &%’,}p’I, &%}p)b] &%‘,p,a:
and 6’% p,u BT€ calculated by plugging the bootstrapped samples and the estimated a; based on
the bootstrapped samples into Eqns. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), {5.23), (5.29),
(5.39), and (5.45), repsectively. Also, the averages of the bootstrapped estimates are listed and

their sample standard deviations are listed in parentheses.
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Table 5.16: The normal and bootstrap-t prediction interval (PI) with level o =
0.05 estimates for Tha at the selected 6 non-sampled plot locations

Plot

Y,

S0

|

Yoo 1

[ Yso,b

| Y

| YV

Normal Interval Estimates

e

S Ot

(-4.42, 90.55)
(-2.56, 92.37)
(-5.47, 89.45)
(-5.74, 89.21)
(-3.70, 91.21)
(-2.31, 92.61)

(-5.00, 90.25)
(-1.83, 93.35)
(-6.22, 88.95)
(-6.86, 83.36)
(-4.01, 91.16)
(-1.53, 93.65)

(-6.35, 87.86)
(-3.15, 90.98)
(-7.54, 86.59)
(-8.22, 85.96)
(-4.79, 89.34)
(-2.19, 91.95)

(-3.73, 88.68)
(-0.54, 91.80)
(-4.93, 87.40)
(-5.61, 86.78)
(-2.17, 90.17)
(0.43, 92.77)

(-4.51, 89.46)
(-1.28, 92.61)
(-5.72, 88.16)
(-6.40, 87.53)
(-2.93, 90.96)
(-0.30, 93.59)

Bootstrap-t Interval Estimates

Plot

Simple Bootstrap Method:1,000 bootstrapped samples

et

Oy O s 0 RO

(58.84, 72.23)
(51.59, 66.74)
(54.72, 67.96)
(57.75, 74.14)
(58.77, 73.30)
(55.72, 70.79)

(54.95, 69.08)
(30.07, 44.79)
(45.37, 58.73)
(60.06, 76.05)
(36.22, 51.06)
(34.47, 50.11)

(40.47, 54.59)
(6.90, 20.99)
(29.54, 42.34)
(48.22, 63.90)
(10.53, 25.07)
(15.20, 30.41)

(57.70, 70.92)
(23.69, 37.70)
(46.51, 59.36)
(64.73, 80.57)
(27.69, 41.52)
(31.87, 47.16)

(60.33, 73.87)
(16.14, 30.43)
(45.59, 58.72)
’69 58, 85.75)
(21.34, 35.57)
(26.89, 42.57)

e
Q
o

Semiparametric Bootstrap Method:1,00

0 bootstrapped samples

(37.98, 59.58)
(34.78, 58.27)
(36.27, 59.68)
(37.72, 60.91)
(39.72, 61.82)
(38.07, 59.91)

(37.43, 59.39)
(34.38, 58.70)
(36.72, 59.66)
(37.99, 61.20)
(39.87, 61.99)
(38.36, 59.99)

(33.69, 56.03)
(30.78, 55.26)
(33.30, 56.85)
(34.70, 58.15)
(36.11, 58.86)
(35.04, 57.02)

(37.24, 58.74)
(34.44, 58.06)
(37.14, 59.39)
(38.17, 60.96)
(39.78, 61.43)
(38.60, 59.78)

(37.00, 58.94)
(34.22, 58.26)
(36.94, 59.61)
(37.97, 61.16)
(39.57, 61.75)
(38.42, 60.04)

S O e L D e

|
=

Simple Bootstrap Method:10,000 bootstrapped sam

ples

(58.53, 73.98)
(51.97, 67.44)
(54.73, 69.35)
(57.65, 72.72)
(59.21, 73.91)
(54.97, 70.82)

(54.86, 70.02)
(30.49, 45.53)
(44.83, 59.54)
(60.48, 75.75)
(36.96, 51.55)
(34.71, 50.32)

(40.50, 55.55)
(6.98, 21.86)
(29.07, 43.48)
(48.27, 63.46)
(11.14, 25.89)
(15.03, 30.71)

(57.40, 71.95)
(23.95, 38.30)
(45.95, 59.99)
(65.19, 79.83)
(28.10, 42.27)
(31.91, 47.10)

(60.04, 74.95)
(16.38, 31.15)
(44.99, 59.40)
(70.00, 85.04)
(21.82, 36.39)
(26.91, 42.50)

Semiparametric Bootstr

ap Method:10,000 bootstrapped

samples

)
o+

(38.07, 59.91)
(37.47, 60.80)
(38.07, 59.91)
(37.47, 60.80)
(38.07, 59.91)
(37.47, 60.80)

(38.36, 59.99)
(37.40, 61.01)
(38.36, 59.99)
(37.40, 61.01)
(38.36, 59.99)
(37.40, 61.01)

(35.04, 57.02)
(33.90, 57.73)
(35.04, 57.02)
(33.90. 57.73)
(35.04, 57.02)
(33.90, 57.73)

(38.60, 59.78)
(37.72, 60.44)
(38.60, 59.78)
(37.72, 60.44)
(38.60, 59.78)
(37.72, 60.44)

(38.42, 60.04)
(37.48, 60.75)
(38.42, 60.04)
(37.48, 60.75)
(38.42, 60.04)
(37.48, 60.75)

Normal Pls for Tha at non-sampled plots with level o 0.05 are
(YSO ~ 1.96 mspe, Yy, + 1.96 @) . Bootstrap-t Pls for Tha at non-sampled plots

with level a = 0.05 are (37&0 — {(1-a) PR, Vi, + ta) @) , where the empirical
a and 1 — a quantiles is defined by the k largest and (b+ 1 — k) largest values of
}(b | o> Tespectively, and k = [(b+ 1)c], the largest integer < (b+ 1)a.
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Table 5.17: Model selection criteria, cross-validation {CV) MSE, for all competing
prediction rules based on plot data:

Estimated CV MSE

M Lt Tha
mean 4565.89 72554.39 594.19
() (1) 4460.45 72427.10 578.65
(I) (2) 4538.72 71076.21 593.15
(I1) (1) 4479.64  72604.46 593.24
(ID) (2) 4452.72  72083.02 593.61
()
"plain” 4997.42  76491.22 597.11
7approx. unbiased” | 4570.10 72191.29 593.59
"unbiased” 4566.68 72135.66 593.59
(11)(2)
7 plain” 4968.46 76914.79 596.38
7approx. unbiased” | 4550.76 72601.75 583.17
"unbiased” 4551.08 72603.81 593.22

The prediction rules are listed in Section 5.4 and the correlation function fittings (1)(1) - (II1)(2)
are listed in Section 5.3.

Table 5.18: Model selection criteria, , cross-validation (CV) MSE, for all compet-
ing prediction rules based on subplot data:

Estimated CV MSE

M Lt  Tha
mean 259.13  4496.99 45.90
(I) (1) 221.58 2982.51 25.11
(1) (2) 222.54 3083.69 23.68
(I1) (1) 259.13 3051.68 24.80
(II) (2) 259.13 5043.43 23.42
()
7plain” 410.63 2838.51 25.86
"approx. unbiased” 400.63 2846.88 25.46
“unbiased” 1.8 x ™ 2952.69 25.37
i)
7 plain” 389.95 3305.26 24.32
7approx. unbiased” 382.07 3333.25 24.08
"unbiased” 3.6 x %1 3484.45 25.87

The prediction rules are listed in Section 5.4 and the correlation function fittings (I}(1) - (II1)(2)
are listed in Section 5.3. "
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6. SPATIAL ZERO-INFLATED MODELS

A variety of zero-inflated models have been studied in the literature. We list
several of these below (Sections 6.1, 6.2, 6.3), but do not utilize them. Instead a
simple spatial zero-inflated Poisson model is introduced in Section 6.4 and applied
to our data. It did not fit our data, and so the Poisson distribution was replaced
by a negative binomial distribution described in Section 6.5. For continuous data,
we study a spatial zero-inflated exponential (SZIE) model in Section 6.6 and a

spatial zero-inflated gamma (SZIG) model in Section 6.7.

6.1 Poisson Regression Model

The Poisson regression model is the bench mark model for count data in much
the same way as the normal linear model is the bench mark for continuous data.
In the previous chapter, we ignored the discrete nature of some of the dependent
variables. Under the normal linear model, the probability of the zero value of the
outcome is zero whereas the probability of the zero values in the discrete case is
not zero in general. The standard Poisson regression model makes the following

three assumptions:

(1) Yi | &; ~ Poisson{A(z;)] where ¥; | @; stands for the conditional distribution
of Y, given the realization @;, which represents the explanatory variables,

and AMz;) = E(Y; | ).
(2) M) =exp(2lB),i=1,... , N, where B is a k x 1 parameter vector.

(3) Yi| @i, 2=1,..., N are independently distributed.
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Assumption 3 doesn’t allow for spatial dependence of the data. Hence, this
Poisson regression model won’t be able to interpret the possible spatial dependence

in cur data.

6.2 Auto-Poisson Model

When spatial data are counts, 1t is natural to fit a model based on the Pois-
son distribution. The dependence structure of this type of data can be modeled
by a conditional probability approach (Besag, 1974; Gilks et al., 1996). Besag
(1974) introduced conditionally specified auto-Poisson models for spatial count
data, which link an observation of a Poisson process at a given location with
those in its spatial neighborhoods. Suppose that Y; has a conditional Poisson dis-
tribution with mean A; dependent upon the neighboring plot (site) values. Such a
model is called "auto-Poisson” because it has a conditional "Poisson” distribution
and there is "auto” correlation among neighboring observations.

The auto-Poisson conditional specification (assuming pairwise-only depen-
dence between plots) is for y; = 0,1,...,

exp[-Ai({y; : 5 # iPIN{y; 1 # 1})]”
yi!

PriYi=y [{y;: 5 #4}) = (6.1)

where \;({y; : 7 # i}) = exp{ey + E;\f__l i;y;}, N denotes the number of sample
sites and 6;; = 0 unless plots 7 and j are neighbors of each other under some
chosen neighborhood system.

The joint distribution for y=(y1,vs2,... ,¥n) is

i) = =PQY))
Priv) = s eon(Q(=))

where 3. exp((Q(z)) is the normalizing constant and Q{y) is given by

N N
Qy) = Z oy + Z ZKM(N bi5yiy; — Z log(ys!). (6.3)
i=1 SIS =1

(6.2)
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But the auto-Poisson model proposed by Besag (1974) has restrictions on
the parameters making it applicable only to spatial data in which the interaction
coefficients are non-positive. (i.e. the parameter spaceis { e, (6;;): @ € RY;6;; <
0,foralls,j=1,...,N }). The explanatory variables might be used in modeling
by exp(e;) = exp(x,B) where @} is a matrix of covariates at plot ¢, and 3 is a

vector corresponding to the coefficients of .

6.3 Zero-Inflated Count Data Model

For discrete distributions, it is relatively straightforward to select one or more
specific outcomes and increase the probability of that outcome or outcoines relative
to the probability of some underlying model. The only two restrictions are the
fundamental requirements for probabilities, namely that they are non-negative
and sum up to one. Such a modeling strategy certainly can improve the ability of
the probability model to describe actual discrete data.

Real data can display overdispersion through an excess of zeros. In most such
situations, one-parameter distribution fitting for outcomes is not valid in as much
as it forces a relationship between the mean and variance (e.g. mean=variance for
a Poisson distribution). As mentioned in the previous chapter, transformations
to normality can’t change the property of excessive zeros for seedling variables
M;, Lt, and Tha,. Neither the Poisson regression model nor the Auto-Poisson
model has been modified to accommodate an excess of zeros. Also, under the
normality assumption of the model in the previous chapter, the probability of any
particular outcome is zero whereas the probability of a discrete outcome is not
zero in general. Also, the normal model allows for negative outcomes whereas
counts are non-negative. We address this phenomenon with a two-component
mixture (or compound) model where one component is taken to be a degenerate

distribution having mass 1 at y; = 0 and the other is a Poisson distribution. A
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mixture model of this type with a degenerate component is sometimes referred to

as a nonstandard mixture model (McLachlan and Peel, 2000).
6.3.1 Zero-inflated Poisson (SZIP) model without covariates

The idea of adjusting the probability of a zero ocutcome for the Poisson dis-
tribution is explained by Johnson and Kotz (1969, pp. 204-206) and termed the
Poisson with zeros (PW7) distribution. Other names for these distributions are
"inflated” (Singh, 1966; Pandey, 1965) and ”pseudo-contagious” Poisson distribu-
tions (Cohen, 1960). We refer to this model as a standard ”zero-inflated” Poisson

(ZIP) model. If ¥; follows a ZIP model, then Y; can be expressed as
Y. =Dy (1 — Bi) -+ Pi/ B; = P{ B; (6.4)

where Dg = 0, the B;’s are independent Bernoulli random variables with mean
p, 0 < p < 1, and the P/’s are independent and their distribution could be
either a Poisson or a ”shifted” Poisson with mean parameter A. The zero-inflated
models with a standard Poisson P/ were discussed by Yip (1988) for zero-inflated
count data. He pointed out that explicit expressions for the maximum likelihood
estimators (MLEs) of X and p are very unlikely. Let’s take a closer look at the

likelihood function of y=(yi,y2,.-. ,yn),

. _ e~ Vi . ,
LA\ py) =10L, {[(1 —p)+ pe N Loy(yi) +p o f{l,z,...}(%)}- (6.5)

Thus the log-likelihood function is

(A py)
= In(L(Xp;y))
N
= ZZ{O} Y log((l— +p€ ( Zf{o} y2>log (r)
- (N = Z 1{0}(%)) + Z yi log(X) — Z log(ys!) (6.6)
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Setting No = Yon I10y(Yi) and differentiating equation (6.6) with respect to A

and p, respectively, yields

ol —14e N — N, \
— = —— Ny + ; 6.7
g — l-ptper " p (61)
and
ol —pe™ . il L
5T WNO — (N = No)+ Y wi/x (6.8)
' =1

For any given A > log(N/Ny), the function I(A, p; y) is maximized when

e N,
po= (1= 1-5) (6.9)
N 1*]0
A= (N — ———— Ny 6.10
2 wlN = g N (6.10)

It’s unlikely to get a closed form for the maximum likelihood estimators of
A and p. In Fong and Yip (1993), an EM-algorithm is proposed to estimate the
parameters for a mixture mode] of two discrete distribution components including

the Binomial, Negative Binomial and Poisson.

6.4 Spatial Zero-Inflated Poisson Model Without Covariates

6.4.1 Non-spatial motivation

We note that in Eqns. (6.4) and (6.6) there are two types of zeros: one type
is obtained as B;=0; the other as B;=1 and y; = 0. Next we separate observations
with zeros and observations with one or more counts. This can be achieved using
a "one-shifted” Poisson distribution instead of a standard Poisson distribution.
That is, the P/ in Eqn. (6.4) takes the form of P; + 1 where P, ~ Poisson()).
In this paper, we will only consider the zero-inflated Poisson models with a "one-

shifted” Poisson distribution and then it is feasible to find a closed form for the

maximum likelihood estimators of p and A (shown later).
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If Y; follows a zero-inflated Poisson with a "one-shifted” Poisson distribution,
then by the law of total probability (which is P(A) = . P(B;)P(A|B;), where
{B;} is a countable collection of events that partition the sample space), the

probability mass function of ¥; is given below:

Pr(Yi = y)
= Pr(Y;=0|Bi=0)Pr(B;=0)+Pr(Y,=y—1|B,=1)Pr(B;=1)
7 “A)\\?h“l) I
= (1 —p) Loy(yi) +P“@’—‘1‘)‘“ 1,2, (wi)- (6.11)

Observing i.i.d. ¥,...,Ywn, the full likelihood is given by

N e~ \(wi~-1) v
L(xy) =1L, {( p) Ioy(ys) + p = T,y )} (6.12)

and the corresponding log-likelihood function is

I\ py) = In(L(A\py))

N N
= Z Iioy(yilog(1 = p) + (N = > Iioy(y:))log(p) = AN = > I{oy(ws))

i=1 =1

) Zlog i =D a3 (w). (6.13)

+
zMz
l
-
8"

&
——
>4
5‘*

w

Setting No = Zfil I0y(Yi) and differentiating with respect to A and p, respec-

tively, yields

ol - Ny N — Ny
— = + , 6.14
dp 1—p p (614)
and
ol ZZ LY~ (N - NO) ,

Hence, the maximum likelihood estimates of A and p are

SN Y . N-N,

A==l ] and p=
and p i

N — Ny
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As mentioned earlier, unlike in Eqns. {(6.9) and (6.10) we have an explicit form of
the MLE for ZIP models with a "one-shifted” Poisson distribution.

So far we have discussed a 2-component Poisson mixture distribution with
one component degenerate at zero and the other having a Poisson distribution.
The subsequent section will introduce a Poisson mixture which embeds spatial

dependence.

6.4.2 Spatial zero-inflated Poisson model without covariates

The variable Y; which follows a 9-summand ZIP model can be expressed as

Yi — DO (1 . Bi) + (H(S) + Pi(h’") + PZ-(M) + Pi(w) + R(”d)
$PE)  plad  pled L ple) L yRo= (P4 1)B; (6.16)

where P»(s) denotes a Poisson distribution associated with the site 7 and Pi(hr)

i
denotes a Poisson distribution associated with the horizontal-right direction at
site (plot) ©. The remaining PO’s are similarly defined; where hl, vu, vd, ¢,
ca, €3, and ¢4 stand, respectively, for horizontal-left, vertical-up, vertical-down,
south-west cornér, north-east corner, south-east corner, and north-west corner.
Pi(’), e ,P]%) (N denoting the number of sites) are assumed identically Poisson
distributed with mean A(, where ”.” ranges over s, hr, hl, vu, vd, ¢, ¢y, c3, and
cs. Furthermore, all the Pi(')’s and B,’s are assumed mutually independent. Such
"full” models have ten parameters. Since horizontal-left neighbors and horizontal-
right neighbors are equi-distance to plot ¢, it makes sense to assume the directional
means are the same for both left and right horizontal neighbors. Similarly, we
can assume there are the same directional means between vertical neighbors and
also corner neighbors. To mimic similar correlation schemes in Chapter 4 and
reduce the number of parameters, we assume Ay = Ap, = Ap, Aoy = Ay = Ay,

Aoy = Ay = Aun, and A, = A, = Az, then the model has the 6 parameters,

D, Asy Ahy Auy Ay, and Ay, The parameter space is @ ={ 0=(p, A, A, Ay,
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M), A ): 0 < p <1, all Xs >0 }. The mean schemes for directional means
of SZIP models are depicted in Figure 6.1. To distinguish from the standard
ZIP model, we call model (6.16) the spatial zero-inflated Poisson (SZIP) model.
The SZIP model can accommodate both an excessive number of zeros and spatial

dependence in the data.
6.4.3 Parameter estimation

P, in Eqn. (6.16) has a Poisson distribution with mean X since the P{)’s are

independently Poisson distributed, where A := A; +2(An + Ay + Ay + Aun ). Thus

EV] = E[P +1]€|B]
= (A+1)p, (6.17)
Var[Yi] = E[(P,+1)?B - &*(P. + 1)B/]
= E[BY (Var[P + 1]+ E[F: + 1]) — E*[(P; + 1)|€*[(B]]
= p{A+ (A +1)?}=pPPA+1)
= pA+p(1-p(A+1)% (6.18)
Since two adjacent horizontal non-zero-value plots have one horizontal Pois-

son distribution in common, say P, write ¥; = P 4+ R; + 1 and Y, = p 4

R; + 1, and then the covariance of ¥; and Y} is
Cov[V;,Y;] = Cov[B;(R; + P™ +1), B (R; + P® 1 1))
= COU[BZ'P(}L), ij(h)]
= E[BIEBIENPM )] - (E[BIE[PW)(ELBJEPM])
= (A +A) — (pPA)

= (6.19)
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and hence the correlation between Y; and Y is
_ Cov[Y,, Y]]
Py, = Var[Y;]Var[Y;]
PAL

T A+ (1-p(rt1)p (6.20)

where A = A, + '2(/‘\};, + Ay + A + )\c(z)).

Similarly, for adjacent vertical plots and for the corner plots, the covariances
are respectively p*A,, p* ) and p?A.2). Since the X’s > 0, the model allows only
non-negative correlations for directional neighbors. As A;, A,, A, and A.e tend

to zero and p tends to one,

1
pyi’y'j —r {Z—

Moment estimators for the parameters are

p = B (6.21)
A = maz(0,8,/B) (6.22)
A = maz(0,5,/B) (6.23)
A = max(0,5,0/B) (6.24)
Mo = maz(0,5.0/B) (6.25)
X, = max (0,%—2(2\h+5\v+5\cm+5\c(g))—1>, (6.26)

where B = 1 — Ny/N is the sample proportion of non-zeros in the sample, Np is
the number of observed zeros, Y is the sample mean, S}, is the sample covariance
of adjacent horizontal plots, 9, is the sample covariance of adjacent vertical plots,
S.) is the sample covariance of adjacent north-east corner and south-west corner
plots, and S, is the sample covariance of adjacent south-east corner and north-
west corner plots. In the cross products for Sy, S,, S.u, and Sz, we modify the
sample covariances using the following different means to get the cross products:
(a) mean of non-zeros, (b} overall mean, and (c) individual means for each of the

directional neighbors.
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6.5 Further Distribution for Count Data

A two-parameter generalization of the one-parameter Poisson distribution is
the negative binomial distribution. We introduce a spatial zero-inflated negative
binomial (SZINB) mixture model which is similarly constructed as the spatial

zero-inflated Poisson models.

6.5.1 Spatial zero-inflated negative binomial (SZINB) model

A random variable U has a negative binomial distribution with parameters

a > 0and ¢ > 0, written U ~ Negbin(a, (), if its probability function is given by

o _/a+k‘—1 1 g ¢ “ B
0= (Y () () e

The mean and variance are given by
£U] = af
and
Var[U] = of(1 + ¢) = E[UN1 + ().
Since ¢ > 0, the variance of the negative binomial distribution generally exceeds
its mean, i.e. there is overdispersion. The overdispersion vanishes in the limit for
( — 0;if { = 0 and o — oo such that o = X, a constant, then the negative
binomial distribution converges to the Poisson distribution with parameter A.
We will reparameterize from (e, () above to (A, (), where A = af = E[U;].
Thus a spatial zero-inflated negative binomial model is given as:
V:= Dy (1 — Bz') + (U@' + 1) B = (Ut -+ 1) B; (6.27)
where Dy = 0, the B;’s are independent Bernoulli random variables with mean p,
0 < p <1, and the U;’s are defined by
U = U(s) + Uv(hr) + U~(hl} + U(vu) + U'(Ud) + U(cl) + {](Cg)
+U) 4 Ul (6.28)
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where Ufs) denotes a negative binomial distribution, Negbin(A;, (), associated
with the site ¢ and Ui(hr) denotes a negative binomial distribution, Negbin(A,., (),
associated with the horizontal-right direction at site (plot) 1. The remaining I/’s
are similarly defined; where i, vu, vd, ¢1, ¢, c3, and ¢4 stand, respectively, for
horizontal-left, vertical-up, vertical-down, south-west corner, north-east corner,
south-east corner, and north-west corner. Ul('), e ,Uf\;) are assumed identically
negative binomial distributed with A() and ¢ where "(.)” ranges over s, hr, hil, vu,
vd, ¢, ¢2, c3, and ¢;. Furthermore, all the Ui(')’s and B;’s are assumed mutually
independent for each ¢. This "full” model has eleven parameters. To reduce the
number of parameters, we assume A = Ap = Ap, Ay = dod = Ay, Ay = A, =
A, and Ay = A, = A2, so that the model has the 7 parameters, p, {, A,
Ahs Ay Ay, and A . For simplicity, we also consider the same for correlation
schemes as in Chapter 4. Thus for directional mean schemes, we will consider the
same structural schemes as for the SZIP models (see Figure 6.1), but with the
additional parameter, (.

The main advantage of the negative binomial distribution over the Poisson
distribution is that the additional parameter ( introduces substantial flexibility
into the modeling of the variance function; it introduces overdispersion relative
to the mean-variance equality implied by the Poisson distribution. Hence, after
mixing the k-summand of the negative binomial distributions, a spatial zero-
inflated negative binomial (SZINB) model is more overdispersed than a spatial

zero-inflated Poisson (SZIP) model as shown later.
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6.5.2 Parameter estimation

Assume that Y; follows a spatial zero-inflated negative binomial (SZINB)

model. Then
elv] = ElUi +1]€[B]]
= (A4 1)p, where A = Ay + 2(An + Xy + A + Aay)  (6.29)
VarlY;] = E[U:; +1)°Bf] - £[(U: + 1) BJ]

= E[B2 (VarlU; + 1] + E[U; + 1]) — EX{U; + 1]€%]( B]]

= p{MA+ O+ + 1D} = p" (A +1)°

= pAM1+¢)+p(1 —p)(A+1)% (6.30)
We note that the difference between Eqns. (6.18) and (6.30) is pA(. The values

of p, A, and ( are positive, so SZINB models possess a larger variance than SZIP

models.

Since two adjacent horizontal plots, say plots ¢ and 7, have a horizontal
negative binomial distribution, say U™ in common, write U; = U 4+ R; + 1 and
U; = UM + R; +1 where R indicates the remainder of variables in Eqn. (6.28).

Then the covariance of ¥; and Y; is
CovlY;,Y;] = Cov[B;(Ri+ U™ +1), B; (R; + U® +1)]
= Cov{BiU(h), BjU(h)]
= E[BJEIBIENUM] — (E[B)EIUM(E[BEU™])
= P14+ = (pAn)?
= Pl +¢) (6.31)

and hence the correlation between Y; and Y; is

oY)
Yy, = Var[Y;]Var[Y]]
PA(1+¢)

S NAE0+A- PO IP .
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Similarly, the correlations between vertical neighbors, between C(V-corner neigh-

bors, and C®-corner neighbors are

pA(1+C)

o W (2) o
pi N0+ 0-phs1e = v, ¢, and . (6.33)

Note that the covariances converge to those from a spatial ZIP model as { — 0.

Moment estimators for the parameters are

p = B (6.34)
. ST+ (1- L)Y
= - {0, B ] 6.35
¢ max T (6.35)
. S,
A, = mazx |0, ————A—TQ> (636)
(1+0)B
A, = maz |0, ~———§—_> (6.37)
(1+()B
A S
Sy = maz |0, ————L__E> (6.38)
(1+()B
A S
S = maz |0, —2 (6.39)
(1+OB
A Yy . .. .
)\S = mnax (0, E - 2(/\h + )\U + )‘c(l) + )\C(z)) - 1) N (640)

where B = 1 — Ny/N is the sample proportion of non-zeros in the sample, Ny is
the number of observed zeros, Y is the sample mean, S? is the sample variance, S,
is the sample covariance of adjacent horizontal plots, 5, is the sample covariance
of adjacent vertical plots, S,u) is the sample covariance of adjacent north-east
corner and south-west corner plots, and S,z is the sample covariance of adjacent

south-cast corner and north-west corner plots.

6.6 Spatial Zero-Inflated Exponential (SZIE) Model for Continuous
Data
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Y; follows a spatial Zero-Inflated Exponential (SZIE) model if ¥; can be ex-

pressed as
Vi=Do(1-B)+ Ui B, =U; B (6.41)

where the degenerate variable Dy = 0, the B;’s are independent Bernoulli random

variables with mean p, 0 < p < 1, and the U,’s are defined by

Un — Ui(s)‘i‘Ui(hT) —{—Ui(hl) ‘|“UZ~(Uu) +L/TZ'(Ud)+U;'(Cl)+[JZ'(CQ)

+US Ul (6.42)

-é—e”‘”/ﬁ,x > (0, associated

where Uf) denotes an exponential distribution, i.e.
with site (plot) ¢ and Uz-(hr) denotes an exponential distribution associated with
the horizontal-right direction at site 7. The remaining Ué(')?s are similarly defined;
where hl, vu, vd, ¢1, ¢2, ¢3, and ¢4 indicate respectively, horizontal-left, vertical-up,
vertical-down, south-west corner, north-east corner, south-east corner, and north-
west corner. The variables Ul(’), U ](\}) are assumed identically exponentially

7.” ranges over s, hr, hi, vu, vd, ¢, ¢3, €3, and

distributed with mean 3, where
cq. Further, all the Ui(‘)’s and B;’s are assurned mutually independent for each
i. Such a "full” model has ten parameters. To avoid over-parameterization, we
immediately assume By = Bur = Bry Bow = Pod = Buy Bey = Py = Buy, and
Bey = Loy, = Bu2, then the model has 6 parameters, p, Bs, B, By, B, and
B.2. In such doing, we have the same correlation scheme for the SZIE as the

correlation scheme 2(e) for the models in Chapter 4. Also, we can again consider

the directional mean parameter schemes as those for SZIP (see Figure 6.1).
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Note that U; has mean 8 := 3, + 2(6n + v + By + Bu2y). The parameter

space is { 8=(p, Bs, Bn, Buv, Buv, Bz ): 0 <p < 1,all F’s >0 }.

gy} = ElUElB
= [p, (6.43)
Varlt;] = S[UZ?B?] — EYU; B
= &[B! (VarlU] + E[U]) — 37
= plB7 +2(8 + 87 + B + B22)] + p(1 — p)B? (6.44)

g(9) (6.45)

il

6.6.1 Parameter estimation

Since two adjacent horizontal plots, say plots ¢ and j have one horizontal
exponential distribution, say U" in common, write U; = UM 4+ R; and U, = U4
R; where R indicates the remainder of variables in Eqn. (6.42), the covariance of

Y and Y] is

Cov[Y;,Y;] = Cov[B;(R; + UMY B; (R; + UM
= Cov[BUM B,U®
= E[BIEBIENUM)] — (E[BIEWPN(EBIEU™M])
= (B + BE) — (pOn)?

= p'B; (6.46)

and the correlation between Y; and Yj is

oY)
prY, = Var[Y;[Var[Y]]
B ~
= 6.47
9(9) (647)
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Similarly, the correlations between vertical neighbors, between C(-corner neigh-

bors, and C?-corner neighbors are

= DB
Cog(ey

i=v, Y, and ? (6.48)

As Bs, By, By and B2 tend to zero and p fends to one,

1

Similarly, for adjacent vertical plots and for adjacent corner plots, the covariances
are respectively p? 37, p?5%,, and p*%,,.

Moment estimators for the parameters are

p = B (6.49)
Br = +/maz(0,5,)/B (6.50)
B, = +/maz(0,5,)/B (6.51)
By = v/maz(0,5,0)/B (6.52)
B = /maz(0,5.)/B (6.53)

. Y . . . PR
R maz <0, 5 2(Bn + By + By + By )) , (6.54)

i

where B = 1 — Ny/N is the sample proportion of non-zeros in the sarple, N,
is the number of observed zeros, Y is the sample mean, Sy, is the sample covari-
ance of adjacent horizontal plots, S, is the sample covariance of adjacent vertical
plots, S.q) is the sample covariance of adjacent north-east and south-west corner
plots, and S,z is the sample covariance of adjacent south-east and north-west
corner plots. In the cross products for Sy, 5,, S.uy, and S.z, we modify the sam-
ple covariances using the following different means to get the cross products (a)
mean of non-zeros, (b) overall mean, and (c¢) individual mean for each directional

neighbors.
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6.7 Spatial Zero-Inflated Gamma (SZIG) Model for Continuous Data

A generalization of the exponential distribution is the gamma distribution.
This subsection introduces a spatial zero-inflated gamma (SZIG) mixture model
which is similarly constructed as the spatial zero-inflated exponential models.

A random variable U has a gamma distribution with parameters o > 0 and
v > 0, denoted by U ~ Gamma(a/v,~), where the mean and variance are given
by

EU] = a

and
Var[U] = ay = E[U](v).

When « = [ =+, the distribution yields the Exponential distribution.

A spatial zero-inflated gamma model is given as:

where Dy = 0, the B;’s are independent Bernoulli random variables with mean p,

0 < p <1, and the U;’s are defined by

U, = UZ§3)+Ui<hr) -}—U(M)—{—U}w) +UZ(‘Ud)+Ui(Cl)+ UZ_(Cz)

7

+U) 4 Ul (6.56)

where UZ-(S) denotes a gamma distribution, Gamma(2,7), associated with the

site ¢ and Ui(hr) denotes a gamma distribution, G’amma(a;““,v% associated with

the horizontal-right direction at site (plot) 7. The remaining U/)’s are similarly
defined; where hl, vu, vd, ¢, ¢s, ¢3, and ¢4 denote respectively, horizontal-left,
vertical-upper, vertical down, south-west corner, north-east corner, south-east

() ()
)

corner, and north-west corner. U;”,... Uy’ are assumed identically gamma dis-

»

tributed with « and v where ”.” ranges over s, hr, ki, vu, vd, ¢y, ¢3, c3, and ¢q4.
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Furthermore, all the U/()’s and B’s are assumed mutually independent. Such a
"full” model has eleven parameters. To avoid over-parameterization, we assume
Qpl = Qhy = O,y Oy = Qyd = Oy, Qo = Qo = (), ald o, = ., = @), then the
model has 7 parameters, p, v, s, o, G, @), and a. 2. Constructing the similar
directional mean schemes as SZIP (see Figure 6.1), the same correlation schemes
as those for the models in Chapter 4 exist but under different model assumption.

The main advantage of the gamma distribution over the exponential distri-
bution is that the additional parameter v introduces substantial flexibility into
the modeling of the variance function. Hence, after mixing the 9-summands (see
Eqn. (6.56)) of the gamma distributions, a spatial zero-inflated gamma (SZIG)
model is more overdispersed than a spatial zero-inflated Exponential (SZIE) model

as shown later.
6.7.1 Parameter estimation
Assume that Y] follows a spatial zero-inflated gamma (SZI1G) model. Then

glyi] = £lU)EBy

= ap, (6.57)
where a = a5 + 2(ay, + o + o + a2 ), and
Var[V]] = E[U?B?] - &*U;Bj
= &[B?] (Var[U@-] + 52[@]) — E2UE(B)]
= p {aﬂ/ + cu?} — p2a2

= pavy+p(l — p)aZ. (6.58)

Since two adjacent horizontal plots, say plots 7 and 7 have one horizontal
Gamma distribution, say U™ in common, write U; = U® + B, and Uy = UM 4

R; where R indicates the remainder of variables in Eqn. (6.56), and then the
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covariance of ¥; and Y; is

CovlYy,Y;] = Cov[B;(Ri+U™),B; (R; + UM)]
= Cov[BUM, B;UM)

= EBIEIBIEUM)Y) — (EIBIEUW)EBIEU™))

= plany +af) = (pon)’
= ploapy (6.59)
and hence the correlation between V; and Yj is
Corl¥;,Y))
S VarVVarly))
Pl (6.60)

oy + (1~ p)a?

Similarly, the correlations between vertical neighbors, C')-corner neighbors, and

C®-corner neighbors is

payy

- R (1 (@) 61
i T i = v, ", and ¢ (6.61)
Moment estimators for the parameters are
» = B (6.62)
S?+ (1 - L)Y
Yy = max (0? ( = 7) (6.63)
. Sh )
ap = maz |0, — 6.64
" ( ¥p? (6:64)
Sy
G, = mazx {0, — 6.65
( p° ) (6-65)
S
b,y = maz <o, ff?) (6.66)
TP
. Sc(z))
Quz = maz {0, —— 6.67
2 ( VP (6:67)
~ ? ¢ A ~ ~ A R g
&, = mazc (O, == 2(&p + Gy + &y F Oéc(:z))> , (6.68)
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where B = 1 — Ny/IN is the sample proportion of non-zeros in the sample, Ny is
the number of observed zercs, Y is the sample mean, S? is the sample variance, S,
is the sample covariance of adjacent horizontal plots, S, is the sample covariance
of adjacent vertical plots, S,u) is the sample covariance of adjacent north-east
corner and south-west corner plots, and S,¢) is the sample covariance of adjacent
south-east corner and north-west corner plots.

The estimator of v in Eqn. (6.63) allows for the zero-value of 4. When 4 = 0,
U; in Eqn. (6.56) is degenerate at zero, which causes problems. To overcome this

difficulty, an alternative estimator for ~ is

(6.69)

where Y(_q) = SN Vi/(N = No) is the sample mean of the (N — Np) non-zeros,
and Sf_o) is the sample variance of the (N — Ng) non-zeros. Then a non-negative
estimated v is ensured. We didn’t obtain zero estimates of v in our data, but
it could happen. Both estimators of « are applied to our data. The results are
summarized in Table ( 6.8).

For M, Lt, and Tha, prediction rule (3) based on a spatial ZIG model, marked
by + in Figure 6.9, has the largest 10V estimated RMSE. The graph of RMSE
of Tha fitted by SZIG is similar to the one fitted by SZIE except for the big jump
for scheme (2a). An additional scale parameter v reduces the overestimation of
p = ap in SZIG model under scheme (2a). The average of estimated means is
43.62 which is close to the sample mean of Tha values. The smallest RMSE of
Tha belongs to SZIG under scheme (2b).

Both spatial zero-inflated models for Tha data agree on the same scheme (2b)
with the 1CV estimated RMSE of 19.5 which is close to the smallest RMSE for

spatial model (3.4) described earlier.
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6.8 Prediction

To make predictions is one of our objectives for this study. We discuss the
following prediction rules using spatial zero-inflated (SZI) models shown in Sec-

tions 6.4, 6.5, 6.6, and 6.7:

1. predict with estimated mean,

Y = (6.70)

l§:>

2. predict with neighboring observations by weighting them with estimated

correlations, The predictor under spatial ZI models is

N N N
Vi = g+ m—m+ D aYi-a+ Y ba(¥;— i)
JEN, JEN JEN (1)
N
-+ puy(Y;—f), t=1,..., N, it #3 (6.71)
JEN (2)

where N,, Ny, N,), and N ) respectively denote the neighborhood of plot 2

in the horizontal, vertical, CM-corner and C®-corner directional neighbors.

3. predict with neighboring cbservations by weighting them with estimated

correlations and rescaled so that the weights sum up to 1,

The prediction of ¥; using spatial zero-inflated models is usually taken to be
ElY: | Yi,. ., Yieq, Yiga, ..., Yn] = E[Yi | neighboring Y/'s, j # 1].

Since it is hard to get an explicit form of the mean of Y; conditioned on
the neighboring Y)’s, a linear combination of the neighboring observations

is used instead. Then the prediction of ¥;, ¢ = 1,... N, 7 # j, can be
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expressed as

Vi = Y a4y aYi+ Yy an

JENR JEN, jENC(l)
+ > aeY;, (6.72)
JEN ()

where N, N,, N, and N ) respectively denote the neighborhood of plot 2
9 ? c 3 c p o fw) p

in the horizontal, vertical, CM-corner and C®-corner directional neighbors.

Thus the mean squared error of the prediction in Eqn. (6.72) is

E[(Y; = Y1)
= E(IY = an(Vin + ¥on) — au(Yaw + Ya) — 0 (Y, + Ysy)

~a. (Yo, + Y2, )]%) (6.73)

Now constraining ), a; = 1, Eqn. {6.73) yields

ENY; - V)]

= E([(Y —p) —an(Yin — pp+ Yor — p) — au(Yay — o + Yau — 1)
—a (Yo = p4 Yo, = 1) = @y (Yo, — o+ Yo, = p)]?)

= o1+ 2a} +2a’ + 24’4 + 2a%z) — 2(2anpac”) — 2(2aup,07)
—2(20,0) P00 + 20,007 ) + 2[2ar0.(p,0) + po)o”]
+22an(axn + 2a.0)pu0’] + 2[2a,(agy + 2a,0) )pro’]

h(av,ah,ac(l),ac(z)) (6.74)

il

Eqn. (6.74) can be rewritten as a Lagrangian function corresponding to the

constraint ) . a; = 1 as

G (@, an, @), 0oy, A)

= h{ay,an, 0,002 ) — A2{an + ay + a0 + a2 ) — 1] (6.75)
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Differentiating the g(.) with respect to a’s and A, respectively, yields

J ; )
5(% = o [an — 4pn + au(p) + pe ) + 2(a,0 + 2a.2 )ps) — 2X
h
9 , . :
85 = o [4a, = 4py + anlp + p) + 2(a + 2ace ) pi] — 2
og = ¢ [da,m —4p.y + danp, + dayps] — 2
8ac<1>
g .
g - 5 [da.z — 4p.2) + dappy + 4aupp] — 24
ﬁacm ;
% = 1—2(an+ ay + ey +au2)

Setting E%C,’; =0 and g% = 0, the solutions are

ar, = —1/4(6p, = 3p,n) — 3p.r — 4pn + 4P} — 6prp.y — Bpnpum — 10p}
FAprp.a) + 4pnp.) + 6prps + 2% + 4pm pae + 20, + 1)/ D

ay = —1/4(6pn — 3p.n = 3pua) — 4py + 4ps — 6pupun) — 6pup.z — 10p2
+4pupoe) + Apupay + 6pipy + 2020 +4pan paw + 20,00 + 1)/ D

aqy = —1/4(1 =3pn + 6p.0) — 2pc0 — 3py + 40,00 prpw + 205 — Pupety

+7pupey + 2ph + TPRPu2) — PROLW = 4Phpy — Pray — BPei2) pott)
~5p2) — 4,2 Prpu = 2050 + 2002 — 2pu= phy +Apnpt
~20,0 P} — 2po) P+ 2pen Py + Apup’y + 202 P

—4pn 2 — Apupe) + 2pu p0) [ D

agey = —1/4(1 =3pn +6p — 2p.0 — 3py + 4p.) prpo + 207 — pupy
+FTpupety + 205, + Tonpaw) = prpee) — 4onps = Play = 6pue) pet
—5p%ay — 4pe@ Prpu — 2P0 + 2P — 2pee Py + Aonp
—~2p.0 P} — 2pu) PE+ 20,0 Py + dpup’y + 200005

—4pnpley — Apupe + 2puz pu) /D

]
jo)
-~
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and

D = =24+2p,+2p.00p2 + petty + Pu@ + 200 — 200P0 — 2P0put) — 2Pu0 2

201040 ~ 2pnpe + pr+ ph + Pl + Py

Hence, the prediction for Vi, 1 = 1,... , N, 1 # 7, yields

Vi = p+ Y ai—a)+ Y aYi—i+ Y bl - i)

jEth anNw jE]\Te(l)

+ Y A (Y = ), (6.76)

JEN (2)
where a’s are explained below.
If ¥; has no neighbors, it is predicted by the estimated mean. If it has
neighbors, it is predicted using the weighted function of the p’s for the
difference (Y; — fi). Assuming pr, = p, = ph, the prediction equation
becomes

Y, = i+ Z an(Y; — 1) + Z a(Y; — 1)

N jENC(l)

Z b (Y; — ) (6.77)

where the a’s are

L4 2(phe — Pey — Pu)
U2 = 4phy + potn + o)
B L~ Opny + Tpety — P + 8phv(Pe — betvy) + 2(A20 — Plzy)
‘ 4(2 = 4P + Py + o))
1 = 6ppo + Thae — pow + 8puulpe — pow) — 2(A20) — Pl
4(2 ~ 4Pry + Pty + Poe))

Ay

ac(I) -

Assuming p.u) = p.2 = p., the prediction equation is

Vi = a4 > aYi =)+ > Y-+ > alY; — i) (6.78)
JEN,

jE]V»,; JENC
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ap =
4D
o = L+6py — AP — 6pc + 6pnp + A(2py — 3pn)pe — 1057 + 457 + 8p2
v 4D
a8 = 1 — 3(15?& + 15U> + 4!50 - 4péhﬁv + 5(.‘511 + ﬁv):@c + 2(15% + léi - 69?)
¢ 4D
and

D=2~ zﬁc - 2)511 - 2)51} + Qﬁhﬁv + 4/[)1!!50 + 4ﬁh,‘36 - ﬁi - ;512; - 4/53
Assuming pj, = p, = pre and p.0) = Pue) = Pave, the prediction equation is

Vi = f4 ) an(Y— )+ ) alY; —jy). (6.79)

jEwa jENc

Thus

ahy = D = 4 (6.80)
8(1 = 2phy + fe)

g = 0k ¥ O (6.81)
8(1 — 2pp, + fo)

Assuming py, = pu = Ph = Po1) = Po2) = P, the prediction equation yields

Vi = i+ Y @Y=+ Y aly;—p). (6.82)
JENR, JEN,
Thus
1 —2pn0 :
&/ — T 6.83
hu 8(1 _ P}w) ( )
¢ = —1 (6.84)

‘ 8(1 — prv)

Assuming p.a) = p.e2 = 0, the prediction equation 1s

Vi = b+ > alYi—)+ Y alY;—p). (6.85)

JENG JENy
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Thus

. i !(A)h - iau g

ap = 1 -+ 5 (686)
L gy —p .

a = g+l (6.87)

Assuming pp = p, = pre and p.uy = p = 0, the prediction equation yields

Vi= g+ Y an(Yi -+ > aul(¥~ i) (6.88)

JENR JEN,

Thus a, = 1/4 = a, and the prediction equation yields
Vo= i 1/4(Yn = )+ (Vow = ) + (Yu = ) + (Yo — 1)
4. predict with estimated conditional mean and generated Bernoulli B’s.
If B; = 1, then the prediction of V] is Vi = E:’[Y; | B; = 1]; otherwise V= 0.
6.8.1 Prediction equations for SZIP

To simplify parametrization, we will investigate a 1-fold {leave-one-out) cross-
validation (1CV) for estimating RMSEs of the data based on 7 candidate SZIP

models with the following parameter assumptions:

(la) assume that Ay, = Ay = Ay and Ay = Ay =0,
(1b) assume that Ay = A =0,

(2a) assume that Ay = Ay = Ay = Aue) = Ahe,

(2b) assume that Ay = Ay = Apy and Ay = A = A,
(2c) assume that A q) = Ao = A,

(2d) assume that Ay = X, = Ap,

(2e) assume that Az, Ay, 5\6(1), are )A\Cm are all different.
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Under the assumptions above, the directional mean schemes yield the same cor-
relation schemes mentioned in Chapter 4 (see sec. 4.1).

The prediction rules for SZIP are

1. predict with estimated mean

Vi=plh+1) (6.89)

where A = A+ 2(5\}@ + X, + 5\6(1) + ;\c(z;). Under the different scheme as-

sumptions, the number of parameters A;’s is reduced.

2. predict with neighboring observations by weighting them with the estimated

correlations.

From Eqn. (6.20), the estimators of p;’s are given by

R 2y . )
i = . i=h,v, M, and @

A+ (1—p)(A+1)

and

5\ == ;\s + Q(S\h —+ ;\U -+ Xc(l) + 5\&2))

3. predict with neighboring observations by weighting them with estimated

correlations and rescaled so that the weights sum up to 1

The prediction of Y;, 2 =1,... , N, ¢ # j, can be expressed as

Vo= DowY+ )y aYi+ Y awY

JEN, JENy JEN ()
+ D ao, (6.90)
JEN (2)

where N, N, N.y, and N_u) respectively denote the neighborhood of plot ¢
in the horizontal, vertical, C-corner and C¥-corner directional neighbors

and a; is a function of g; in the previous prediction rule.
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4. predict with estimated conditional mean and generated Bernoulli B’s.

If B; = 1, then the prediction of Y] is Vi=\+ 1: otherwise ¥; = 0.
6.8.2 Prediction equations for SZINB

The prediction rules for SZINB are

1. predict with estimated mean

Yi=pA+1) (6.91)

where A = )A\S+2(5\h—i—5\v+5\0(1)+§\c(g)) and A = &; C fori = h, v, M, and ¥,

Under the different scheme assumptions, the number of A;’s 1s reduced.

2. predict with neighboring observations by weighting them with estimated

correlations.

From Eqn. (6.32), the estimators of p;’s are given by

5 2 . N
pi = = Ap (1+¢) - . i=h,v, M and Y
AMI+() + (1 —=pyA+1)?

and

3. predict with neighboring observations by weighting them with estimated

correlations and rescaled so that the weights sum up to 1

The prediction of ¥;, 2 = 1,..., N, 7 5 j, can be expressed as
Vo= S aYit Yy Vit . anY
JENy JENy JEN (1)
+ > amY;, (6.92)
JEN (2
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where N, N, N, and N ) respectively denote the neighborhood of plot ¢
in the horizontal, vertical, CM-corner and C®-corner directional neighbors

and &; is a function of p; in the previous prediction rule.

4. predict with estimated conditional mean and generated Bernoulli B’s.
If B; = 1, then the prediction of ¥ is Vi=A4+1=4é é +1, otherwise ¥; = 0.

6.8.3 Prediction equations for SZIE

The prediction rules for SZIE are

1. predict with estimated mean

~

Vi = p8. (6.93)

where 3 = 3, + Z(Bh + 3, +/éc(1) + 86(2) ). Under the different scheme assump-

tions, the number of 3;’s is reduced.

2. predict with neighboring observations by weighting them with estimated

correlations.
From Eqns. (6.47) and (6.48), the estimators of p;’s are given by

AZ[;Q
I:A)z':plAl7 i:hav7c(l)

g(8)

, and 2

and

2

g) = pIBT+2B+ 52+ /3'3(1) + B2+ (1 —p)B

3 = Bo+28n+ 8.+ B0+ Bu)

3. predict with neighboring observations by weighting them with estimated

correlations and rescaled so that the weights sum up to 1
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The prediction of ¥;, ¢ = 1,... , N, ¢ # j, can be expressed as

o= S ayi+ Yy aYit Y awY

JEN, JENy JEN (1
+ Y Ay, (6.94)
JEN (2)

where Ny, N, N, and N respectively denote the neighborhood of plot ¢
in the horizontal, vertical, CW-corner and C®-corner directional neighbors

and a; is a function of p; in the previous prediction rule.

4. predict with estimated conditional mean and generated Bernoulli B’s.

If B; =1, then the prediction of ¥] is Vi = ﬁ, otherwise Y; = 0.
6.8.4 Prediction equations for SZIG
The prediction rules for SZIG are

1. predict with estimated mean

Yi = pé. (6.95)

where & = &, + 2(&, + Gy + Qo) + Gue). Under the different scheme

assumptions, the number of parameters «;’s is reduced.

2. predict with neighboring observations by weighting them with estimated

correlations.

From Eqgns. {6.60) and (6.60), the estimators of p;’s are given by

. Payy s

Similarly, the correlation between vertical neighbors, C(!)-corner neighbors,

and CP-corner neighbors is

A

Pi =

pa ) @ 6
— —— 2= v, ¢/, and ¢, 6.97
&y + (1 —p)a (6.97)
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3. predict with neighboring observations by weighting them with estimated

correlations and rescaled so that the weights sum up to 1

The prediction of ¥;, ¢ = 1,... , N, ¢ # J, can be expressed as

Vi = Y aY+ ) aYi+ Y anY

J€NR JENy JEN (1
+ > aaY, (6.98)
JEN (2)

where Ny, N,, Ny, and N,y respectively denote the neighborhood of plot ¢
in the horizontal, vertical, CW-corner and C@-corner directional neighbors

and &; is a function of p; in the previous prediction rule.

4. predict with estimated conditional mean and generated Bernoulli B’s.

If B; = 1, then the prediction of Y} is Y, = &, otherwise Vi = 0.
6.9 Results
6.9.1 Simulated data

In the following, we conduct a simulation study for spatial zero-inflated mod-

els based on artificial locations and actual locations in the Siuslaw Forest.
6.9.1.1 spatial zero-inflated Poisson (SZIP) models

The results for simulated data from the SZIP model for comparison of meth-
ods (a)-(c), described in p.113, are summarized in Table 6.1. For small p (< 0.7),
methods (b) and (¢) are about the same and much better than method (a). When
p increases up to 0.9, the results for method (b) get better, but are still worse
than those for the other two methods. For small value p = 0.3 and large values
of X’s, all three moment estimations for parameters A,;, Ay and A, are not reliable

when applied to small lattices such as 10x10. In general method (a) is the worst.
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For small lattice and small p, the histograms for 10x 10 with p = 0.3, as shown
in Figure 6.2, don’t resemble the normal distribution. Even though we increase to
the larger lattice 20 x 20, from Figure 6.3 we note that the histograms of estimated
Xsy A, A, don’t tend to normality, either. For large samples of non-zero sites (i.e.
large lattices and large p values), as shown in Figure 6.5 the MOMEs by all of

methods tends to normality.

6.9.1.2 spatial zero-inflated Negative Binomial (SZINB) models

We conducted a simulation study for SZINB models with two parameter set-
ting: (1). ¢(=0.10, A,=0.10, X,=1.30, A,=0.80, (2). {=0.01, A\,=2.00, X,=10.00,
Ay=5.00. In the cross products for S;, Sy, S.u), and S., only the overall mean
was used in the cross product of the sample covariances. The results for simulated
data from SZINB model are summarized Table 6.2.

For parameter setting (1), under 10 x 10 the average of 100 estimated ¢, m(()
ranged from 0.16 to 0.12, slightly off away from the actual value ¢ = 0.10, and
s(f)’s are as high as the value of 0.14 even when p = 0.99. When the sample size
increases to 20 x 20 lattice, m(()’s are about the same as the actual after roundoff
to 2 decimals and s({)’s are half as those under 10 x 10.

In the parameter setting (2), we chose { = 0.01 to generate a SZINB model
with the same values of Ms in the second set of generated SZIP realizations.
As mentioned earlier, if ( — 0 and @ — oo such that o = X, a constant,

then the negative binomial distribution converges to the Poisson distribution with

parameter A. We can see that the estimates of A’s are close to those in Table 6.1.
6.9.1.3 spatial zero-inflated Exponential (SZIE) models

We conducted a simulation study for SZIE models with two parameter setting:
(1). B:=5.00, £,=2.00, 3,=1.00, and so from Eqn. 6.47 and 6.48 for the values of
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p, (0.30 0.50 0.70 0.90 0.99), p, is (0.06, 0.13, 0.25, 0.48, 0.68), ps is (0.01, 0.02,
0.04, 0.08, 0.11), and p, is (0.00, 0.01, 0.01, 0.02, 0.03).

(2). 8,=16.77, 3,=88.84, 3,=88.84, and so from Eqn. 6.47 and 6.48 for the
values of p, (0.30 0.50 0.70 0.90 0.99), p, is (0.00, 0.00, 0.00, 0.01, 0.01), and
pr = py is {0.02, 0.04, 0.08, 0.16, 0.24).

In the cross products for Si, 5,, S.uy, and S, only the overall mean was
used in the cross product of the sample covariances. The results for simulated
data from SZIE model are suramarized Table 6.3.

For the parameter setting, the MOME estimates are getting better as lattice
size increases from 10 x 10, to Siulaw N.F. lattice with holes (312 lattice points),
to 20 x 20. The s(8(,) are decreasing, too. But for the second parameter setting,
i.e. large 3’s, the MOME’s don’t work well even with lattice size 20 x 20 and
p = 0.99. From the top panel of Table 6.3, we note that b(ﬁs) decrease much
faster than the other. It is because the p, in the setting (1} is much larger than
the others; it yields 0.68 at p = 0.99. It is opposite for the estimates from the
second parameter setting; because the p,’s are almost zero no matter what values

of p we use.
6.9.1.4 spatial zero-inflated Gamma (SZIG) models

We conducted a simulation study for SZIG models with two parameter set-
ting: (1). v = 10.48, a,=8.15, @,=0.93, ,=1.89, (2). v = 192.66, ¢,=208.26,
o, =40.97, ,=40.97, In the cross products for 53, S,, S.u, and S,2), only the
overall mean was used in the cross product of the sample covariances. The results
for simulated data from SZIG model are summarized Table 6.4.

For the parameter setting, the MOME estimates are getting better as lattice
size increases from 10 x 10, to Siulaw N.F. lattice with holes (312 lattice points),

to 20 x 20. The s(a(,)) are decreasing, too. But for the second parameter setting,
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i.e. large o’s, the MOME’s don’t work well even when lattice size 20 x 20 and p

increases up to 0.9. But it becomes better for p=0.99.
6.9.2 Real data: plot based data

6.9.2.1 spatial zero-inflated Poisson (SZIP) models

We applied the SZIP model to the real data and the results are shown in
Table 6.5. The estimates of p for M, Lt, and Tha are over 95%. Hence, the
non-zero mean, overall mean, and directional means are quite close and so the
estimates of A’s are not obvicusly different. From the simulation results, we note
that for large p (> 0.7) the MOMESs are close to the actual parameter values. For
M, Lt,, Tha,, the values of the estimated p are respectively 0.14, 0.56, and 0.42.
The X’s estimation by the overall mean in the product (i.e. Method (a)}) is the
worst scenario. From the simulation results for small p and small lattice, we noted
that the MOMEs were not reliable. The reality is that we have only 313 plots,
which is not adequate to get reliable MOMEs for M, and Lt,;. From Table 6.5, we
can see that the estimated spatial correlations of the SZIP model with different
directional mean schemes (1a)—(2e)p’s are almost zero for variables M, M, Lt, and
Lt,. Under mean scheme (1b), Tha has the estimated spatial correlations, g, = 0,
and p, = 0.27 by Method (b). When the neighborhood increases up to the second
order neighborhood, the correlation seems to disappear due to overestimating in
directional Poisson means.

Since the likelihood function is intractable, we couldn’t compute the AIC,
BIC, and AICC values. We will adopt the RMSEs from leave-one-out cross-
validation (1CV) to select the model. Under the neighborhood system we chose,
not all of the plots have an equal number of neighbors. To be fair in comparing the
performance of models, we only used the 33 plots which have all 8 neighbors under

the second neighborhood structure in estimating the ICV RMSE. We left one out
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of 312 plots for each of 33 plots at a time and using the remaining 311 observations
to estimate the parameters of models. The y-value for that plot is predicted using
the prediction rules 1-4 based on the estimated model. This is repeated until
we obtain the predictions for all 33 plots. The 1CV RMSE is calculated by the
squared root of the average of squared prediction errors {actual values - predicted
values), for all 33 plots. There are no obvious differences between the data with
and without the isolated plot (see Table 5.2), so we only discuss the performance
of models in the 1CV RMSE estimation for the 312 plots (without the isolated
plot). The results for the overall RMSE using the prediction rules from SZIP
models are shown in Figure 6.6.

Prediction rules (1) and (2) are about the same since the estimated correla-
tions are almost zeros for all variables except for Tha and Tha,. The averages of
33 1CV estimated means for M for mean schemes (1a) —(2e) range from 2715.12
(scheme (1b)) to 4058.39 (scheme (2e)). Since the estimated mean plays a large
role in the prediction rules, we can see that the prediction rules 1-3, under scheme
(1b), is the one with the smallest estimated RMSE. The prediction rule 4, mark
by +, has the smallest among all prediction rules and it is much smaller than the
others.

Under scheme (la), Ay = A, = Ay, and Ay = Ay = 0, the weights of
predictions using the prediction rule (4) become equal, 1/4 for those four neigh-
boring observations. The estimated overall RMSEs are quite close to the estimated
RMSE from the prediction 4 under scheme (1b), A.q) = Aye = 0. py, is very close
to p, and so the weights in Eqn. (6.86) and (6.87) are close to 1/4.

For M;, we note that jumps at mean schemes (1b) and (2¢) for predictions
rules (1) and (2} due to large values of the estimated mean, the average of the 33
estimated means is 48537.51 for (1b) and 51995.20 for (2¢) (the others are under

5079.96).
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For Lt, the averages of the 33 estimated means for schemes (2a) -(2¢) are
almost twice as those of schemes (la) and (1b). The line for prediction rule (4)
is flat except for scheme (2a) due to zero estimated correlations and so the scaled
weights become equal among those mean schemes. The big jump of (2¢) in the
RMSE graph of Lt, is due to the large estimated mean, 643804.9, which is 1.4
times as that of schemes (1b), (2a), (2b), (2d) and (2e), and 3 times as that of
scheme (la). The jumps in the RMSE graph of Tha, are for a similar reason.

Finally, we look at the RMSE graph of Tha. All the RMSEs for schemes
{12} and (1b) using the 4 prediction rules are pretty close. That’s because of the
averages of 33 estimated means are respectively 43.06 and 42.49 and the spatial
correlations among the neighbors are higher than the other schemes. The averages
of 33 1CV estimated means for the other schemes range from 366.68 to 398.96

which are about ten times that of the schemes (1a) and (1b).
6.9.2.2 spatial zero-inflated Negative Binomial (SZINB) models

The SZINB model has an additional parameter, so it is more flexible than the
SZIP model. From Figure 6.7, among the four prediction rules we note that the
prediction rule, 74", has the smallest cross-validated (CV) estimated RMSE and
the largest one belongs to the prediction rule, "x”. We also note that prediction
rales, /A7 and 47, which are a function of the estimated p;; work better than
the others; which is not surprising because there exits stronger spatial dependence
among subplot based data than the plot based data.

To compare with SZIP model, as shown in Figure 6.6, except for Tha, the

CV estimated RMSEs are much smaller than those from SZIP models.
6.9.2.3 Comparison of SZIE model and SZIG model

The 571G model has an additional parameter ~, so it is more flexible. The

1CV estimated RMSE is used to evaluate the performances of SZI models with dif-
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ferent mean directional distributions. The results of leave-one-out cross-validation
(1CV) estimated RMSE for the 33 plots with all 8 neighbors for both of the spatial
zero-inflated models are depicted in Figures 6.8 and 6.9. From Figure 6.8, we see
that there is a jump in the graph of RMSE of Tha fitted by the SZIE model. Tt
is caused by overestimating y under the scheme (2a) The average of estimated
mean for the scheme (2a) is about 53 which is much larger than the average of the
schemes {1a}, (1b), (2b), (2¢), (2d) and (2e) ( respectively, 44.1, 44.0, 42, 46.8,
46.7, and 46.6). The estimated correlations g, and p, are zero if rounded to 2
decimals, so the predictiom rules (1), (2), and (4) become approximately the same
rule, i.e. predict the values by the estimated mean. Since the estimated p for
Tha is 0.99, the prediction rule (4) ¥; = 8 ~ §p. While the prediction rule (3),
+, weighted the neighboring observations by approximate 1/4 and exact 1/4 on
horizontal and vertical neighbors for scheme (1a}) and (1b), respectively. That’s
why it has the larger estimated RMSE (about 25, against the sample deviation
v/592.06 ~ 24.33 for 312 plot Tha values). The RMSE of Tha for prediction rule
(3), + is much smaller when the neighborhcod includes the second order neigh-
bors. The smallest RMSE for Tha, 19.2, is produced by the SZIE model with
scheme (2b). Similar trends appear in the other prediction rules.

For M, Lt, and Tba, prediction rule (3) based on spatial ZIG model, marked
by + in Figure 4.4, has the largest 1CV estimated RMSE. The graph of RMSE
of Tha fitted by SZIG is similar to the one fitted by SZIE except for the big jump
for scheme (2a). An additional scale parameter v reduces the overestimation of
p = ap in SZIG model under scheme (2a). The average of estimated means is
43.62 which is close to the sample mean of Tbha values. The smallest RMSE of
Tha belongs to SZIG under scheme (2b).
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Both spatial zero-inflated models for Tha data agree on the same scheme (2b)
with the ICV estimated RMSE of 19.5 which is close to the smallest RMSE for

spatial model (3.4) described earlier.
6.9.3 Real data: subplot based data

The total number of subplots is N = 1470. For model performance, we used
leave-one-out cross-validated (1CV) estimated RMSE for a spatial zero-inflated
Poisson (SZIP) model, a spatial zero-inflated Negative Binomial (SZINB) model, a
spatial zero-inflated Exponential (SZIE) model, and a spatial zero-inflated Gamma

(SZIG) model.

6.9.3.1 spatial zero-inflated Poisson (SZIP) models

From Figure 6.10, we note that the prediction 3, marked by +, (see Sec.
6.8.1), has the smallest CV estimated RMSE for all variables and the prediction
4, marked by x has the largest OV estimated RMSE for all variables. This is not
surprising. Because the prediction 4 is a conditional mean given by generating
Bernoulli, B;, to predict the value at the deleted subplot, the prediction is over-
estimated when the conditional mean A+ 1 is overestimated. Prediction rule 4 is
similar to prediction rule 1 using the concept of estimated conditional mean A+1
and estimated mean p(A + 1) when p is large. With the conditional mean, pre-
diction rule 4 marked by x is slightly worse than prediction 1 marked by o for M,
Lt, and Tha, but prediction rule x is a lot worse than prediction rule o since the
estimated p for My, Lt,, and Tha,, are small. As we expected, prediction rule 3 is
the best prediction rule among four prediction rules and prediction rule 2 is the
second best. This is because the prediction is a function of neighboring ohserva-
tions by weighting them with the estimated correlations and rescaled so that the
weights sum up to 1. The "best” prediction belong to the prediction rule 4 with

directional mean scheme (2a), which assumes that A, = A, = A, = A = Ahee-
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6.9.3.2 spatial zero-inflated Negative Binomial (SZINB) models

The advantage of spatial zero-inflated Negative Binomial models over SZIP
models is that a SZINB model has an additional parameter { in the mean and
variance structure. Set A; = a(;. From Figure 6.11, we can see that prediction
rule 4 has the smallest CV estimated RMSE for mortality. The estimated RMSEs
are about the same using the prediction rule 4 under directional mean schemes
(1a), (1b), and (2a), but there is big jump at directional mean schemes (2b), (2c),
(2d) and (2e). Compared to the estimated RMSE of SZIP in Figure 6.10, SZINB
models have much smaller estimated RMSE than SZIP models; the best SZINB
model is about 18 and the best SZIP model is about 400. Both of them happened
when prediction rule 4 with scheme (2a) is used. Prediction rule 4 using SZINB
model with directional mean scheme (2a) is the best model for all variables. Except
for Tha,, SZINB models for all variables have the smaller estimated RMSEs than

SZIP models.

6.9.3.3 spatial zero-inflated Exponential (SZIE) models

Prediction rule 4 using SZIE models under all directional mean schemes ,
marked by -+, has the smallest estimated RMSE for all variables, as shown in
Figure 6.12, and the one under scheme (2a) 85 = B, = B.0) = Sy = Bhue, 18 the
"best” one for all variables. For M and Lt, compared to Figures 6.10 and 6.11,
the estimated RMSEs using SZIE models are twice as much as those using SZINB
models, but much smaller than those using SZIP models, denoted as SZINB <
SZIE < <« SZIP. While the estimated RMSEs using SZIE models are slightly
smaller than SZINB models and much smaller than those using SZIP models,
denoted as SZIE < SZINB <« SZIP. For M, and Lt,, the estimated RMSEs using
SZIE models are much smaller than SZINB, and so denoted as SZIE <« SZINB

< SZIP. Once again, there is not much improvement for Tha,.
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6.9.3.4 spatial zero-inflated Gamma (SZIG) models

The results of the estimated cross-validated RMSEs from prediction rules
using SZIG models under different schemes are depicted in Figure 6.13. For all
variables, prediction rule 4 using SZIG models under scheme (2a) has the smallest
estimated cross-validated RMSEs. For mortality, the smallest estimated RMSE
belongs to prediction rule 4 and it is hard to tell the difference among the RMSEs
using prediction rule 4 under schemes (1a), (1b), and {2a). Compared to Figures
6.10, 6.11,and 6.12, the estimated RMSEs using SZIG models are close to those
using SZINB models, smaller than those using SZIE, and much smaller than those
using SZIP, denoted as SZIG ~ SZINB < SZIE <« SZIP. The estimated RMSE
of Lt predictions, as shown in Figures 6.13, prediction rule 4 using a SZIG model
under scheme (2a) ap = @, = a,1) = QL2 = Ohy, has the smallest estimated
RMSE and its RMSE is close to SZINB’s , smaller than SZIE’s, and much smaller
than SZIP’s, denoted as SZIG ~ SZINB < SZIE < SZIP. ¥or Tha, SZIE < SZ1G
< SZINB <« SZIP; for M,, SZIE <« SZIG < SZINB « SZIP; for Lt,, SZIE <
SZINB ~ SZIG « SZIP. Once again, there is no obvious improvement for the
RMSEs of Tha, predictions using SZIG models.

6.9.4 Discussion

For plot based data, the ranking of the estimated RMSE of predictions using
SZI models are: for M, Lt, and Tha, SZIG ~ SZINB < SZIE <« SZIP; for M,,
SZIE < SZIG < SZINB « SZIP; for Lt,, SZINB < SZIG < SZIE <« SZIP; for
Tha,, SZIG < SZIE < SZINB = SZIP. The suggested prediction rule for M, Lt,
and Tha are prediction rules 1 (marked by o) or 4 (marked by x) using SZIG
models under scheme (2a) because of simplicity on parameter setting and the
small estimated RMSE. For M,, prediction 4 using SZIE model with scheme (2a)

is suggested although the overall estimated RMSEs are about the same for all 7
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schemes. SZIE model under scheme (2a) includes the same number of neighbors
as (2b)—(2e), but it only needs to estimate one directional mean, B4,.. For Lt we
suggest prediction rule 4 SZINB model with scheme (2a) and for Tha, prediction
rule 4 SZIG model with scheme (2a).

For subplot based data, the estimated RMSEs of M, M,, Lt, Lt,, Tha, and
Tha, predictions using the average of the remaining (N — 1) = 1469 observations
to predict the values at the leave-one-out subplot, are 18.95, 12.66, 67.52, 88.27,
6.09, and 0.14.

Among all spatial zero-inflated models, for M prediction we suggest rule 3
from a SZINB model under scheme Ay = A, = A,y = A2y = Ape. s estimated
cross-validated RMSE is 19.75 which is about the same as that of predicting
using the average of the remaining observations for the deleted subplot. For Lt,
prediction rule 3, from the SZINB model under Ay, = Ay = Ay = Ay = Apge, 15
suggested. Compared to the RMSE of the average prediction, 67.52, the estimate
80.56 of the RMSE for Lt prediction from SZINB is higher, but a SZINB model
has advantage of getting a smaller mean squared prediction errors (m.s.p.e.) of
predictions. For Tha, the "best” prediction rule is rule 3 from the SZIE model
under directional scheme 8, = 5, = [.0) = PBuzy = Prwe. And the estimated
RMSE is 7.78 which is a little bit larger than that of the average, but SZIE has an
advantage of obtaining a smaller m.s.p.e. for individual subplot prediction than
the average; especially for zero-outcome subplots.

The estimated overall RMSEs of M;, and Lt, for SZI models are much larger
than those using the average of the remaining observations to predict the deleted
subplots. But for some hard-to-predict locations, 5ZI models have a smaller
m.s.p.e.; particularly for the data with excessive zeros. The percentages of zero
for M, and for Lt, are 0.96% and 70%, respectively. Although the overall esti-

mated RMSEs are much larger than the average’s, SZI models work better than
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the average on m.s.p.e of individual predictions. No matter what kind of spatial
zero-inflated model we used, the estimated overall RMSEs of Tha, predictions
from prediction rule 3 marked by + are about the smallest; under scheme (2a),

0.15 for SZIP, 0.15 for SZINB, 0.17 for SZIE, and 0.18 for SZIG.
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Figure 6.1: The directional Poisson mean schemes for the neighborhood of plot ¢
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Table 6.1: The sample means and standard deviations (s.d.) of 100 estimated

parameters from the 100 realizations of a SZIP model.

() {b) (©)
True » AL X bW s Xn X s M X,
mean | m(p) || m(A)  m(A) m(A) || m(A) mAs) m(A) | m(y) mby) mA)
s.d. s{py || s(As) s{Az) s(Ao) |l s(As)  s(Aw) s(A) I s(he)  s(An)  s(A)
1010 | 0.30 | 5.00 2.00 1.00 ][ 500 200 100 500 200  1.00
0.30 | 0.00 919.62 91238 || 282 181 1850 ) 283 1795 1840
0.05 || 0.00 500.63 504.93 || 4.68 243 2886 | 4.69 2424 2882
10x10 | 0.0 | 5.00 2.00 1.00] 500 200 100 500 200  1.00
050 | 0.00 159.38 159.01 ] 293  6.53 829 294 648 824
0.05 ] 000 8517  80.58 || 4.67 937 1123 | 467 933 11.19
10x10 | 0.70 || 5.00 2.00 1.00 [ 500 200 100 5.00 200 1.00
0.71 ]| 0.00 2558 2759 | 461 276 383 | 463 275 381
0.04 | 0.00 1392 1421 490 471 587 490 469 585
10x10 | 0.90 || 5.00 2.00 1.00 | 500 200 1.00| 500 200  1.00
0.91 || 3.02 2.65 3.05 || 539 155 167 542 154 166
0.03 || 3.89 2.73 2711l 406 204 201 4.06 203 200
10x10 | 0.99 || 5.00 2.00 1.00 500 200 100 5.00 200  1.00
0.99 || 5.49 1.86 0.94 1 555  1.84 093 | 556 183  0.92
0.01 || 3.36 1.41 0921] 338 141 091 337 140 091
10x10 | 030 [[ 200  10.00 500 [ 2.00 10.00 5.00 [ 2.00 1000  5.00
0.30 | 0.00 6583.36 6597.93 || 10.04 8511 9218 || 10.07 84.67 91.72
0.05 | 0.00 3196.04 323455 || 14.94 133.03 158.57 || 14.94 132.56 158.27
10x10 | 050 || 2.00  10.00 500 || 2.00 10.00 5.00 | 2.00 10.00 5.0
0.50 | 0.00 1182.80 1193.86 || 13.06 3549 36.74 || 13.10 35.19  36.53
0.06 || 0.00 52224 52190 | 1544 6078 64.94 || 1545  60.59  64.77
10x10 | 0.70 || 2.00  10.00 500 || 200 10.00 500 || 200 10.00  5.00
0.70 | ©0.00 19823 216.26 | 10.39 1546 2552 | 1048 1537  25.38
0.04 | 0.00 9570  96.35| 14.10 28.62 37.90 | 14.17 2852  37.87
10x10 | 0.80 || 200  10.00 5.00 [ 2.00 10.00  5.00 || 200 10.00 5.00
0.90 | 545 1872 1636 || 1595 734 569 | 16.01 729  5.65
0.03 1 1027  21.16  14.85 | 13.68 12.00 880 | 13.68 11.97  8.77
1010 | 0.99 || 2.00  10.00 500 || 2.00 10.00  5.00 || 2.00 10.00  5.00
0.99 || 10.17 7.54 457 | 1068  7.35 443 1074 733 441
0.01 || 9.34 4.60 4110 952 459 408 952 458 407

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3} artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Poisson {(SZIP) model. Methods {2}, (b}, and (c) respectively denote that
the sample covariances are modified by using mean of non-zeros, overall mean, and individual
means for each of the directional neighbors.
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(Continued)

(a) (b) ()
True P }LS /\h )\Q, /‘\3 /\h }\u )\s >\h /\U
mean | m(p) | m(A;)  m(p) m(j\u) m(%s} m(/:\h) m():\l) m(iq) m(h)  m{h)
s.d. s(p) | s(As) s{ ) s(Add |l s(As)  s{An) s(A) 4 s(hs) s(w) s(A)
312 0.30 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.30 0.06  810.50  820.53 2.44 9.39 13.23 2.50 9.24  13.07
0.02 0.60 193.81 19248 437  13.78  16.01 439 1371 1592
312 0.50 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.50 0.00 14707 14933 2.85 4.43 6.63 2.88 4.36 6.46
0.03 0.00 38.91 39.41 4.45 5.86 8.32 4.46 5.80 8.28
312 0.70 5.00 2.00 1.06 5.00 2.00 1.00 5.00 2.00 1.00
0.70 0.00 27.37 27.63 4.46 2.43 2.52 4.50 2.39 2.49
0.02 0.00 8.45 8.46 4.72 3.67 3.50 4.73 3.65 3.49
312 0.90 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.90 3.10 2.30 2.49 5.89 0.98 1.10 6.95 0.97 1.09
0.02 3.68 2.04 2.05 3.53 1.44 1.44 3.51 1.42 1.44
312 0.99 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.60 1.00
0.99 7.39 0.98 0.80 7.45 0.96 0.79 7.49 0.96 0.78
0.01 2.18 0.80 0.66 2.18 0.80 0.65 2.17 .80 0.65
312 0.30 2.00 10.00 5.00 2.00  10.00 5.00 2.06  10.00 5.00
0.30 0.00 5880.56 5895.69 9.84 5899 6807 | 10.13 5828 67.07
0.02 0.00 130622 1335981 14.43 9582 101.96 14.50  95.11 101.09
312 0.50 2.00 10.00 5.00 2.00° 10.00 5.00 2.00  10.00 5.00
0.50 0.00 1084.32 1107.34 9.01  32.78  35.05 9.26 © 32.20  34.58
0.02 0.00 22855 23792 || 13.99 4848 49.75 14.10  48.11  49.46
312 0.70 2.00 16.00 5.00 2.060 10.00 5.00 2.00  10.00 5.00
0.70 0.60 196.54  202.05 848 13.83 2063 8.75  13.86  20.39
0.02 0.00 53.80 58.45 || 12.54  19.18 2471 || 12.69 19.07 24.61
312 0.90 2.00 10.00 5.00 2.00  10.00 5.00 2.00  10.00 5.00
0.90 2.32 15.28 17.82 || 14.67 5.06 6.65 || 14.83 4.96 6.57
0.02 5.74 11.60 10.94 )1 1292 7.06 8.39 12.97 6.98 8.35
312 0.99 2.00 10.00 5.00 2.060  10.00 5.00 2.00  10.00 5.00
0.99 156.31 4.86 3.63 || 15.70 4.74 3.54 15.84 4.71 3.50
0.00 8.30 3.61 2.74 8.39 3.61 2.72 8.38 3.69 2.72

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Poisson (SZIP) model. Methods (a), (b), and (c) respectively denote that
the sample covariances are modified by using mean of non-zeros, overall mean, and individual
means for each of the directional neighbors.
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(Continued)

@ ) ©
True p As An Av As An /\v As A Ao
mean | m(p) || m(A;) m(ﬁ\h) m(A) || m(As)  m(An)  m(Ay) m(%\s) m(An) m(/\v)
s.d. s(p) || s(As) 5(An) s(Av) I s(As)  s(An)  s(A) |l s(As)  s(An)  s(Ay)
20x20 | 0.30 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.30 0.00 78541  789.62 3.31 5.72 9.00 3.32 5.71 8.98
0.02 0.00 189.40 185.68 4.71 9.58 11.64 4.72 9.58 11.62
20x20 | 0.50 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.50 0.00 147.58  146.80 0.14 0.06 4.09 4.09 3.80 3.29
0.03 0.00 33.69 33.88 2.17 1.58 4.81 4.81 5.27 5.10
20x20 | 0.70 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.70 0.00 27.66 27.85 4.87 1.96 1.95 4.88 1.95 1.95
0.02 0.00 7.13 6.89 4.24 2.47 2.66 4.24 2.47 2.65
20x20 | 0.90 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.90 2.72 2.13 2.65 7.18 0.77 1.13 7.18 0.77 1.13
0.02 2.99 1.57 1.48 2.74 0.93 1.05 2.74 0.93 1.05
20x20 | 0.99 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.99 5.47 1.73 1.03 5.53 1.71 1.01 5.53 1.71 1.01
0.00 2.03 0.68 0.71 2.03 0.68 0.71 2.03 0.68 0.71
20x20 | 0.30 2.00 10.00 5.00 2.00  10.00 5.00 2.00  10.00 5.00
0.30 0.00 6084.27 6088.59 9.79 4955  61.11 9.79 4948  61.04
0.02 0.00 1257.21 1248.15 14.60  74.29 100.82 14.61  74.25 100.79
20x20 | 0.50 2.00 10.00 5.00 2.00 10.00 5.00 2.00  10.00 5.00
0.50 0.00 1127.32 1116.88 7.80 2836  20.06 7.81  28.33  20.03
0.02 0.00  203.78 197.90 13.37  37.86  33.70 13.37 37.84 33.68
20x20 | 0.70 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.70 0.00 208.73 210.11 12.63 9.61 11.54 12.64 9.59 11.52
0.02 0.00 48.02 46.89 14.70 14.67  16.23 14.70  14.65 16.22
20x20 | 0.90 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.90 1.18 13.47 16.8 || 16.74 3.35 5.25 || 16.75 3.35 5.24
0.01 3.43 8.97 8.6 11.86 5.03 5.82 11.86 5.02 5.82
20x20 | 0.99 2.00 10.00 5.00 2.00  10.00 5.00 2.00 10.00 5.00
0.99 7.08 7.97 4.77 7.56 7.83 4.64 7.58 7.82 4.64
0.01 5.63 1.99 2.34 5.81 2.05 2.32 5.81 2.05 2.32

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Poisson (SZIP) model. Methods (a), (b), and (c) respectively denote that
the sample covariances are modified by using mean of non-zeros, overall mean, and individual
means for each of the directional neighbors.

230

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.




Table 6.2: The sample means and standard deviations (s.d.) of 100 estimated
parameters from the 100 realizations of a SZINB model.

(b) overall

True P ¢ As An Ay
mean | m(3) w(& | m(s) mGs) md)
sd. | o) s0) | sy s(w)  s()
10x10 | 0.30 0.10 0.10 1.30 0.80
0.30 0.16 1.60 3.40 2.67
0.05 0.20 1.99 8.20 4.40
10x10 | 0.50 0.10 0.10 1.30 0.80
0.50 0.16 1.67 1.19 1.77
0.05 0.19 1.98 2.06 2.57
10x10 | 0.70 0.10 0.10 1.30 0.80
0.69 0.14 1.63 0.63 1.27
0.05 0.17 1.74 1.01 1.51
10x10 | 0.90 0.10 0.10 1.30 0.80
0.90 0.12 2.04 0.47 0.77
0.03 0.14 1.52 0.54 0.67
10x10 { 0.99 0.10 0.10 1.30 0.80
0.99 0.12 1.03 1.04 0.73
0.01 0.14 1.11 0.51 0.51

10x10 | 0.30 0.01 2.00 10.00 5.00
0.30 0.25 9.51  83.08 75.80
0.05 0.28 | 14.43 136.44 137.72
10x10 | 0.50 0.01 2.00 10.00 5.00
0.50 0.19 8.15 43.25 25.52
0.05 0.21; 13.88 53.61 44.36
10x10 | 0.70  0.01 2.00  10.00 5.00
0.70  0.13 8.97 2039 18.83
0.04 0.14 | 14.07 29.32 24.20
10x10 | 0.90 0.01 2.00  10.00 5.00
0.90 0.08 | 12.37 8.60 6.59
0.03 0.12] 1295 11.78 10.16
10x10 | 0.99 0.01 2.00  10.00 5.00
0.99 0.07 | 10.36 8.17 3.78
0.01 0.11 8.72 4.42 3.77

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Negative Binomial (SZINB) model with X; = a;(.
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(b) overall
True P ¢ As Ah Ay
mean | m(p) m(@) | m(k) m(hs) m(iy)
sd. | s(p)  s(Q) | s(As)  s(An)  s(Ay)
312 0.30 0.10 0.10 1.30 0.80
0.30 0.12 1.52 1.59 2.15
0.03 0.11 1.94 2.45 3.24
312 0.50 0.10 0.10 1.30 0.80
049 0.12 1.85 0.91 1.20
0.03 0.12 1.86 1.33 1.66
312 0.70  0.10 0.10 1.30 0.80
0.69 0.11 1.97 0.51 0.82
0.03 0.09 1.54 0.77 0.89
312 0.90 0.10 0.10 1.30 0.80
0.90 0.11 2.71 0.22 0.57
0.02 0.09 1.04 0.31 0.49
312 0.99 0.10 0.10 1.30 0.80
0.99 0.10 1.99 0.60 0.55
0.01 0.08 1.12 0.38 0.35
312 0.30 0.01 2.00 10.00 5.00
0.30 0.10 9.62 61.58 71.06
0.02 0.12 | 14.56 94.20 103.84
312 0.50 0.01 2.00 10.00 5.00
0.50 0.07 7.95 25.54 3545
0.02 0.09| 13.05 39.00 4885
312 0.70 0.01 2.00 10.00 5.00
0.70  0.05 | 10.55 11.61 14.83
0.03 0.07) 13.49 19.03 20.18
312 0.90 0.01 2.00 10.00 5.00
0.90 0.03 | 17.68 3.34 5.24
0.02 0.05| 12.06 5.07 6.78
312 0.99 0.01 2.00  10.00 5.00
099 0.04 | 16.18 5.08 2.92
0.0  0.06 7.44 3.28 2.46

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen

spatial zero-inflated Negative Binomial (SZINB) model with ; = «;(.
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(b) overall
True P ¢ As Ap Av
mean | m(3) m(() | m(h) m(w) m(d,)
s.d. s(p)  s(C) | s(As)  s(An)  s(A)
20x20 | 0.30 0.10 0.10 1.30 0.80
0.30 0.10 1.52 1.56 1.75
0.02 0.11 1.89 2.51 2.46
20x20 | 0.50  0.10 0.10 1.30 0.80
0.50 0.09 1.79 0.71 0.93
0.02 0.09 1.73 1.08 1.20
20x20 | 0.70 0.10 0.10 1.30 0.80
0.70 0.10 2.12 0.34 0.83
0.02 0.09 1.49 0.47 0.79
20x20 | 0.90 0.10 0.10 1.30 0.80
0.90 0.10 2.30 0.24 0.76
0.02 0.08 1.03 0.27 0.44
20x20 | 0.99 0.10 0.10 1.30 0.80
0.99 0.09 0.70 1.07 0.74
0.01 0.07 0.58 0.26 0.23
20x20 | 0.30  0.01 2.00 10.00 5.00
0.30 0.07 | 10.66 5H1.b9  32.23
0.03 0.10 | 14.58 72.34 68.09
20x20 | 0.50 0.01 2.00  10.00 5.00
0.50 0.06 | 11.37 26.49 16.99
0.03 0.08 1 14.66 36.49 31.26
20x20 | 0.70 0.01 2.00 10.00 5.00
0.70 0.05| 12.78  9.86  9.17
0.02 0.07| 13.58 16.62 13.37
20x20 | 0.90 0.01 2.00 10.00 5.00
0.90 0.04 | 15.88 3.67 5.05
0.02 0.06 | 11.16 5.09 4.77
20x20 | 0.99 0.01 2.00  10.00 5.00
0.99 0.03 6.77 8.01 4.91
0.01 0.05 5.49 2.31 2.31

Note: The location points we chose are (1) artificial locations:

10x10 lattice, (2) the actual

location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Negative Binomial (SZINB) model with A; = «;C.
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Table 6.3: The sample means and standard deviations (s.d.) of 100 estimated
parameters from the 100 realizations of a SZIE model.

(b) overall

True p Aﬁs ﬁh A»Bv
mean | m(3) | m(B) m(B) m(A)
sd. | s) | s(B)  s(B)  s(B)
10x10 | 0.30 5.00 2.00 1.00
0.30 5.08 2.00 2.11
0.05 4.97 2.84 3.00
10x10 | 0.50 5.00 2.00 1.00
0.50 5.05 1.73 1.68
0.04 429  2.02 2.18
10x10 | 0.70 5.00  2.00 1.00
0.70 5.95  1.24 1.45
0.04 3.88 1.44 1.66
10x10 | 0.90 5.00 2.00 1.00
0.90 6.49 1.21 1.06
0.03 3.30 1.19 1.20
10x10 | 0.99 5.00 2.00 1.00
0.99 588  1.54 1.03
0.01 241 0.95 1.04

10x10 | 0.30 | 16.77 88.84 88.84
0.30 | 172.22  65.36  75.87
0.05 | 169.87  95.13 102.88
10x10 | 0.50 | 16.77 88.84 88.84
0.50 | 154.84  52.37  T74.27
0.04 | 150.58 7220 77.74
10x10 | 0.70 | 16.77 88.84 88.84
0.70 | 175.94 38.94 69.45
0.04 | 136.60 52.16  62.45
10x10 | 0.90 | 16.77 88.84 88.84
0.90 | 148.76  44.47  70.87
0.03 | 109.78  40.80  41.18
10x10 | 0.99 | 16.77 88.84 88.84
0.99 | 84.88 70.08 79.39
0.01 | 71.49 33.13 30.07

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Exponential (SZIE) model,
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(Continued)

(b) overall

True P ﬁs Aﬁh A/Bu
mean | m(p) m(@s) m(@h) m(@v)
s.d. s(p) | s(Bs)  s(Bn)  s(By)
312 0.30 5.00 2.00 1.00
0.30 4.90 2.31 1.81
0.03 4.91 2.66 2.61
312 0.50 5.00 2.00 1.00
0.50 5.39 1.49 1.55
0.03 4.10 1.72 1.81
312 0.70 5.00 2.00 1.00
0.70 6.29 0.99 1.38
0.03 3.19 1.21 1.32
312 0.90 5.00 2.00 1.00
0.90 7.40 0.83 0.96
0.02 2.68 0.96 0.97
312 0.99 5.00 2.00 1.00
0.99 7.01 1.18 0.82
0.01 2.28 0.90 0.84

312 0.30 | 16.77 838.84 88.84
0.30 | 150.87  77.62 73.58
0.03 | 167.53 87.51  96.65
312 0.50 | 16.77 88.84 88.84
0.50 | 151.36  48.00 71.19
0.03 | 137.28 53.93  63.60
312 0.70 | 16.77 88.84 88.84
0.70 | 173.25 29.84 70.73
0.03 | 102.45 36.93 44.10
312 090 | 16.77 88.84 88.84
0.90 | 192.57 25.15 64.70
0.02 | 92.22 30.25 32.48
312 099 | 16.77 88.84 88.84
0.99 | 131.31  51.52  69.05
0.01 82.34 3047  22.47

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Exponential (SZIE) model.
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(b) overall

True p Aﬁs ﬁh Aﬁv
mean | m(p) | m(B;) m(Bn) m(B,)
cd | s(p) | s(B) s s(B)
20x20 | 0.30 5.00 2.00 1.00
0.30 5.01 1.41 1.98
0.02 4.32 1.98 2.19
20x20 | 0.50 5.00 2.00 1.00
0.50 5.74 1.02 1.68
0.03 3.43 1.31 1.55
20x20 | 0.70 5.00 2.00 1.00
0.70 6.78 0.88 1.24
0.02 2.83 1.05 1.19
20x20 | 0.90 5.00 2.00 1.00
0.90 7.25 0.79 1.08
0.01 2.23 0.86 0.90
20x20 | 0.99 5.00 2.00 1.00
0.99 5.93 1.56 0.97
0.00 2.15 0.70 0.73

20x20 | 0.30 | 16.77 88.84 388.84
0.30 | 148.65 54.67  79.20
0.02 | 136.06 66.92 80.87
20x20 | 0.50 | 16.77 88.84 88.84
0.50 | 155.01  36.27  76.55
0.03 | 126.62 46.50  60.27
20x20 | 0.70 | 16.77 88.84 88.84
0.70 | 150.47 2743  84.22
0.02 | 94.69 34.65 36.82
20x20 | 0.90 | 16.77 88.84 88.84
0.90 | 147.53  27.27  84.39
0.01 } 72,57 26.91 21.30
20x20 | 0.99 | 16.77 88.84 38.84
0.99 | 43.59 77.45 87.36
0.00 | 37.11 1591 12.74

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen

spatial zero-inflated Exponential (SZIE) model.
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Table 6.4: The sample means and standard deviations (s.d.) of 100 estimated
parameters from the 100 realizations of a SZIG model.

’5/ %zz
True P v o oy, Oy Yalt Qg oy, oy
mean | m(5) | m(7) m@) m(@n) ml@) | miv) m@) ml@) m@)
sd. | s(B) | s()  s(@)  sl@n)  s(é) | st s(an)  s(an) s(é)
10x10 | 0.30 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.30 | 10.09 5.85 4.71 4.66 10.24 5.87 4.64 4.60
0.04 4.16 6.48 8.68 6.97 4.26 6.48 8.55 6.87
10x10 | 0.50 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.50 | 10.70 7.29 1.75 2.68 10.75 7.31 1.74 2.67
0.04 3.42 5.77 2.73 3.75 3.45 5.76 2.72 3.74
10x10 | 0.70 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.69 { 10.63 7.53 1.04 2.30 10.64 7.53 1.04 2.30
0.04 3.04 5.20 1.63 2.66 3.05 5.20 1.63 2.66
10x10 { 0.90 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.90 | 10.79 8.74 0.73 1.80 10.78 8.74 0.73 1.80
0.03 2.63 3.81 1.06 1.52 2.63 3.81 1.06 1.52
10x10 | 0.99 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.99 1 10.76 7.80 1.11 1.96 10.75 7.80 1.11 1.96
0.01 2.41 3.47 1.39 1.25 2.41 3.47 1.39 1.25
10x10 | 0.30 | 192.66 208.26  40.97 40.97 | 192.66 208.26 40.97  40.97
0.30 | 173.94 180.02 92.00 122.24 | 175.69 180.30 91.35 121.21
005 71.94 172.13 181.54 221.26 73.58 172.15 180.32 219.71
10x10 | 0.50 | 192.66 208.26  40.97 40.97 | 192.66 208.26  40.97  40.97
0.49 | 182.71 165.69 72.72 84.82 | 182.77 165.73 72.82 84.83
0.05 | 50.99 159.30 119.85 113.38 51.42 159.29 120.19 113.38
10x10 | 0.70 | 192.66 208.26  40.97 40.97 | 192.66 208.26  40.97  40.97
0.70 | 183.83 211.83 34.13 54.68 | 183.50 211.62 34.22 54.79
0.04 | 43.99 137.57 5341 77.18 44.13 137.66  53.56  77.32
10x10 | 0.90 | 192.66 208.26 40.97 40.97 | 192.66 208.26 - 40.97 40.97
0.90 | 187.05 231.09 32.70 38.98 | 186.89 230.97 32.73  39.02
0.03 | 38.68 105.88 33.23 43.79 38.72 10592  33.26 43.83
10x10 | 0.99 | 192.66 208.26 40.97 4097 | 192.66 208.26 40.97  40.97
0.99 | 190.87 208.32 42.13 41.13 | 190.85 208.30 42.14 41.14
0.01 40.15 98.99 36.63 40.73 40.16 99.00 36.63 40.73

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen

spatial zero-inflated Gamma (SZIG) model.
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(Continued)

¥ \ Yalt
True [/ 04 o o oy Valt O p, 0y
mean | m() | m(3) m(a) m(an) m(ay) | mv) m(@) m(an) mla)
sd. | s(p) | s(3)  s(@)  s(@n)  s(@) | s(raw)  s(6s)  s(@n)  s(é)
312 0.30 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.30 10.07 7.27 2.46 3.47 10.11 7.28 2.45 3.45
0.03 2.27 6.23 4.35 5.49 2.28 6.22 4.33 5.47
312 0.50 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.50 10.14 7.72 1.16 2.08 10.15 7.73 1.16 2.08
0.03 1.84 4.86 2.11 2.22 1.85 4.86 2.11 2.21
312 0.70 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.70 10.04 8.83 0.77 1.70 10.04 8.83 0.77 1.70
0.02 1.45 4.07 1.31 1.79 1.45 4.07 1.31 1.79
312 0.90 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.90 10.39 10.94 0.43 0.98 10.39 10.94 0.43 0.98
0.02 1.38 2.57 0.60 1.02 1.38 2.57 0.60 1.02
312 0.99 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.99 10.29 9.60 0.76 1.31 10.29 9.60 0.76 1.31
0.01 1.19 2.41 0.81 0.95 1.19 2.41 0.81 0.95
312 0.30 | 192.66 208.26 40.97 4097 | 192.66 208.26  40.97  40.97
0.30 | 187.96 162.41 92.07 78.00 | 188.56 162.59 91.81 77.76
0.03 35.26 165.44 132.83 124.79 35.53 16540 132.44 124.41
312 0.50 | 192.66 208.26 40.97  40.97 | 192.66 208.26 40.97 40.97
0.50 | 190.91 191.91 45.08 55.55 | 190.93 191.91 45.08 55.54
0.03 29.06 139.11 69.59 69.48 29.14 139.11 69.59 69.46
312 0.70 | 192.66 208.26 40.97  40.97 | 192.66 208.26 40.97 40.97
0.70 | 191.35 267.19 18.28 32.67 | 191.26 267.14 18.29 32.69
0.02 25.53 98.28 29.08 43.35 25.56 98.31 29.10 43.37
312 0.90 | 192.66 208.26 40.97 40.97 | 192.66 208.26  40.97 40.97
0.90 | 191.07 290.16 9.79  29.35| 191.02 290.14 9.79  29.36
0.02 19.48 68.12 16.13 27.78 19.48 68.13 16.14 27.78
312 0.99 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97 40.97
0.99 | 191.97 277.68 18.71 26.4 | 191.97 277.68 18.71 26.40
0.01 19.73 68.25 20.43 25.5 19.73 68.25 20.43 25.50

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Gamma (SZIG) model.
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(Continued)

’S/ ;)/alt
True p ¥ Qg oy oy, Valt O ay, Oy
mean | m() | m(3) ml@&) m@) m@) | mei) ma) m(é) ma)
sd. | s() | s(9)  s(@)  slan)  s(@) | stvan)  s(én)  s(an) @)
20x20 | 0.30 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.30 9.84 7.19 2.12 2.33 9.88 7.20 2.11 2.32
0.02 1.82 5.70 3.51 3.05 1.83 5.69 3.50 3.04
20x20 | 0.50 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.50 | 10.26 8.06 0.78 2.04 10.27 8.06 0.78 2.04
0.02 1.60 4.51 1.40 2.08 1.61 4.51 1.40 2.08
20x20 | 0.70 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.70 | 10.33 8.39 0.62 2.09 10.33 8.39 0.62 2.09
0.02 1.27 3.51 0.79 1.55 1.27 3.51 0.79 1.55
20x20 | 0.90 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.90 | 10.32 9.36 0.36 1.84 10.32 9.36 0.36 1.84
0.01 1.23 2.32 0.50 0.98 1.23 2.32 0.50 0.98
20x20 { 0.99 | 10.48 8.15 0.93 1.89 10.48 8.15 0.93 1.89
0.99 | 10.39 8.79 0.75 1.74 10.39 8.79 0.75 1.74
0.00 1.18 2.04 0.63 0.79 1.18 2.04 0.63 0.79
20x20 | 0.30 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97 40.97
0.30 | 191.58 166.35 61.68 86.86 | 192.05 166.56 61.52  86.65
0.02 | 37.20 154.17 93.52 120.92 37.41 15411  93.28 120.60
20x20 | 0.50 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97  40.97
0.50 | 194.34 228.07 23.24 54.22 | 194.36 228.08 23.23 54.21
0.03 | 27.02 132.84 43.39 58.12 27.07 132.84 43.39 58.11
20x20 | 0.70 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97  40.97
0.70 | 194.51 250.93 16.29 45.03 | 194.43 250.88 16.29 45.04
0.02 | 22.73 80.83 22.33 36.87 22.75  80.86 22.347  36.89
20x20 | 0.90 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97  40.97
0.90 | 193.18 268.58 11.84 40.34 | 193.14 268.56 11.84 40.35
0.02 | 20.67 61.18 18.17 26.89 20.67 61.19 18.17  26.89
20x20 | 0.99 | 192.66 208.26 40.97 40.97 | 192.66 208.26 40.97 40.97
0.99 | 191.40 231.57 31.27 3945 | 191.39 231.56 31.27 39.45
0.00 | 19.89 53.69 23.05 21.18 19.80  53.70 23.05 21.18

Note: The location points we chose are (1) artificial locations: 10x10 lattice, (2) the actual
location points (N=312) in the Siuslaw Forest, or (3) artificial locations: 20x20 lattice. The
first row in each lattice size and each p represent the actual values of parameters in the chosen
spatial zero-inflated Gamma (SZIG) model.
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Figure 6.2: Histograms and boxplots for 1,000 estimated A,, A, and A, for 10x10
lattice realization with p = 0.3, A, =5, A\, =2, and A\, =1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated A,, (b) the second row
diplays the histogram and boxplot for 1,000 estimated As, and (c) the third row diplays the
histogram and boxplot for 1,000 estimated A, .
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Figure 6.3: Histograms and boxplots for 1,000 estimated A,, Ay, and A, for 20x20
lattice realization with p = 0.3, A, =5, A, =2, and A, =1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated A,, (b) the second row
diplays the histogram and boxplot for 1,000 estimated Ap, and (¢) the third row diplays the
histogram and boxplot for 1,000 estimated A, .
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Figure 6.4: Histograms and boxplots for 1,000 estimated A, As, and A, for 10x10
lattice realization with p = 0.9, A, =5, A, =2, and A, =1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated A;, (b) the second row
diplays the histogram and boxplot for 1,000 estimated A, and (c) the third row diplays the
histogram and boxplot for 1,000 estimated A, . -
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Figure 6.5: Histograms and boxplots for 1,000 estimated A,, A4, and A, for 20x20
lattice realization with p = 0.9, A; =5, A, =2, and A\, =1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated A,, (b) the second row
diplays the histogram and boxplot for 1,000 estimated Ap, and (c) the third row diplays the
histogram and boxplot for 1,000 estimated A,.
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Table 6.5: The three moment estimations for the SZIP model applied to real data

(a) (b) (¢)
P As Ay ‘ Ph As Ahy I ﬁhv As Ahy ‘ Ph
313 plots
M 0.96 | 0.00 757.76 | 0.00 | 0.00 747.56 | 0.00 || 0.00 746.62 | 0.00
Mg 0.14 { 0.00 301502.64 | 0.00 || 0.00 2817.51 | 0.00 }} 0.00 2816.17 | 0.00
Lt 0.99 | 0.00 7876.95 | 0.00 || 0.00 7889.82 | 0.00 || 0.00 7875.80 | 0.00
Lt 0.56 | 0.00 190528.70 | 0.00 }| 0.00 108290.12 | 0.00 || 0.00 108211.21 | 0.00
Thba | 0.99 | 0.00 5.61 | 0.08 || 0.00 5.05 1 0.07 || 0.00 5.01 | 0.07
Tha, | 0.42 | 0.00 0.96 | 0.02 || 0.00 0.40 | 0.03 || 0.00 0.40 | 0.03
312 plots
M 0.96 | 0.00 759.06 | 0.00 || 0.00 748.05 | 0.00 || 0.00 746.80 | 0.00
M, 0.14 | 0.00 299579.18 | 0.00 || 0.00 2800.28 | 0.00 || 0.00 2798.21 | 0.00
Lt 0.99 | 0.00 7877.10 | 0.00 || 0.00 7892.68 | 0.00 || 0.00 7876.45 | 0.00
Lt 0.56 | 0.00 188715.94 | 0.00 || 0.00 108781.19 | 6.00 || 0.00 108753.19 | 0.00
Thba | 0.99 | 0.00 5.57 | 0.08 || 0.00 5.04 | 0.07 || 0.00 5.02 | 0.07
Tbas | 0.42 | 0.00 0.94 | 0.02 || 0.00 0.40 | 0.03 | 0.00 0.40 | 0.03
(la) assume that Ay = Ay = Ap, and X, = Ay =0
)\s )\h )‘U ‘ ﬁh ﬁu H )\s )‘h )\v 1 ph ﬁv
313 plots
(a) (b)
M 0.00 672.72 845.79 | 0.00 0.00 || 0.00 664.27 833.77 | 0.00 0.00
M, 0.00 298166.07 304955.99 | 0.00 0.00 || 0.00  3245.39 2374.66 | 0.00 0.00
Lt 0.00 7032.29 8751.18 | 0.00 0.00 || 0.00  7008.51 8801.98 | 0.00 0.00
Lt 0.00 173104.34 208562.92 | 0.00 0.00 || 0.00 93811.56 123275.43 | 0.00 0.00
Thba | 0.00 0.00 20.74 | 0.00 0.30 {| 0.00 0.00 19.48 | 0.00 0.28
Tbas | 0.00 0.87 1.04 | 0.02 0.03 || 0.00 0.33 0.47 | 0.03 0.04
313 plots (c) 312 plots (c)
M 0.00 663.91 831.94 | 0.00 0.00 || 0.00 664.07 832.13 | 0.00 0.00
M; 0.00 3240.13 2352.29 | 0.00 0.00 lf 0.00  3219.46 2337.28 { 0.00 0.00
Lt 0.00 7008.51 8743.00 | 0.00 0.00 || 0.00  7009.09 8743.73 |1 0.00 0.00
Lt 0.00  93798.71 123069.04 | 0.00 0.00 || 0.00 94268.50 123685.44 | 0.00 0.00
Tha | 0.00 0.00 18.81 | 0.00 0.27 |} 0.00 0.00 18.81 | 0.00 0.27
Thas | 0.00 0.33 0.47 | 0.03 0.04 || 0.00 0.33 0.47 { 0.03 0.04
312 plots
@ (b)
M 0.00 673.87 847.23 | 0.00 0.00 || 0.00 664.63 834.39 | 0.00 0.00
M; 0.00 296263.90 303010.50 { 0.00 0.00 || 0.00  3223.46 2362.28 | 0.00 0.00
Lt 0.00 7030.30 8753.53 | 0.00 0.00 || 0.00  7009.14 8807.14 | 0.00 0.00
Lt 0.00 171255.83 206787.15 | 0.00 0.00 || 0.00 94268.50 123801.82 | 0.00 0.00
Tha | 0.00 0.00 20.67 | 0.00 0.30 || 0.00 0.00 1944 | 0.00 0.28
Thas | 0.00 0.86 1.03 | 0.02 0.03 {| 0.00 0.33 0.47 | 0.03 0.04

(1b) assume that A,y = A2 =0
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(Continued)

— ® (b) ©
pl A Me | Phoe | s Moo | Proe | As Mve | Phoe
313 plots
M 0.96 | 0.00 507.12 | 0.00 || 0.00 494.93 | 0.00 || 0.00 493.01 | 0.00
M, 0.14 | 0.00 302951.83 | 0.00 |} 0.00 4352.83 | 0.00 || 0.00  4351.67 | 0.00
Lt 0.99 | 0.00 5654.40 | 0.00 || 0.00  5624.15 | 0.00 || 0.00  5623.62 | 0.00
Lt 0.56 | 0.00 184045.38 | 0.00 || 0.00 97452.65 | 0.00 || 0.00 97173.30 | 0.00
Tha | 0.99 | 0.00 46.49 | 0.02 || 0.00 45.93 | 0.02 || 0.00 45.89 | 0.02
Thas | 0.42 | 0.00 0.91 } 0.01 { 0.00 0.33 : 0.01 || 0.00 0.33 | 0.01
312 plots
M 0.96 | 0.00 508.49 | 0.00 || 0.00 495.49 | 0.00 || 0.00 493.12 | 0.00
M, 0.14 | 0.00 301019.13 | 0.00 i| 0.00 4325.76 | 0.00 || 0.00  4323.91 | 0.00
Lt 0.99 | 0.00 5651.93 | 0.00 || 0.00 5624.28 | 0.00 || 0.00 5624.09 | 0.00
Lt 0.56 | 0.00 182123.98 | 0.00 || 0.00 97832.69 | 0.00 || 0.00 97660.00 | 0.00
Tha | 0.99 | 0.00 46.45 | 0.02 || 0.00 45.93 | 0.02 || 0.00 45.90 | 0.02
Tha, | 0.42 | 0.00 0.90 | 0.01 || 0.00 0.33 | 0.01 || 0.00 0.33 | 0.01
(2a) assume that Ay = Xy = A.0) = Ac@ = Anoe
As Ay Ac l ﬁhv PAC H 5‘5 Ay ;\c ] ﬁhv /3c
313 plots
@ (b)
M 0.00 757.76 235.81 | 0.00 0.00 || 0.00 747.56 221.48 | 0.00 0.00
M, 0.00 301502.64 304520.50 | 0.00 0.00 || 0.00 2817.51  6014.73 |1 0.00 0.00
Lt 0.00 7876.95 3248.60 | 0.00 0.00 || 0.00 7889.82  3171.67 | 0.00 0.00
Lt 0.00 190528.70 177027.53 | 6.00 0.00 | 0.00 108290.12 85721.67 | 0.00 0.00
Tha | 0.00 5.61 90.74 { 0.00 0.04 || 0.00 5.05 90.18 { 0.00 0.04
Thas | 0.00 0.96 0.86 | 0.01 0.01 || 0.00 0.40 0.25 | 0.02 0.01
313 plots (c) 312 plots (c)
M 0.00 746.62 218.09 | 0.00 0.00 || 0.00 746.80 218.14 [ 0.00 0.00
M, 0.00 2816.17 6013.75 | 0.00 0.00 || 0.00 2798.21  5975.38 | 0.00 0.00
Lt 0.00 7875.80 3140.67 | 0.00 0.00 |} 0.00 7876.45  3140.93 | 0.00 0.00
Lt 0.00 108211.21  85087.14 | 0.00 0.00 || 0.00 108753.19 85513.30 | 0.00 0.00
Tha | 0.00 5.01 90.14 { 0.00 0.04 || 0.00 5.02 90.15 1 0.00 0.04
Thag | 0.00 0.40 0.25 | 0.02 0.01 || 0.00 0.40 0.25 | 0.02 0.01
312 plots
@ ®)
M 0.00 759.06 237.26 | 0.00 - 0.00 || 0.00 748.05 222.11 | 0.00 0.00
M, 0.00 299579.18 302577.79 | 0.00 0.00 || 0.00 2800.28  5977.01 | 0.00 0.00
Lt 0.00 7877.10 3243.31 | 0.00 0.00 || 0.00 7892.68  3168.87 | 0.00 0.00
Lt 0.00 188715.94 174988.55 | 0.00 0.00 || 0.00 108781.19 85981.53 ; 0.00 0.00
Tha | 0.00 5.57 90.70 | 0.00 0.04 || 0.00 5.04 90.18 | 0.00 0.04
Thas | 0.00 0.94 0.85 | 0.01 0.01 || 0.00 0.40 0.26 | 0.02 0.01

(2b) assume that A = A, = Ape and Aoq) = A2 = Ae
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(Continued)

pl A M A Ml b b pe

313 plots

(a)
M 0.96 | 0.00 672.72 845.79 235.81 [ 0.00 0.00 0.00
M, |0.14|0.00 298166.07 304955.99 304520.50 || 0.00 0.00 0.00
Lt 0.99 | 0.00 703229  8751.18  3248.60 || 0.00 0.00 0.00
Lt, | 0.56|0.00 173104.34 208562.92 177027.53 || 0.00 0.00 0.00
Tba | 0.99 | 0.00 0.00 20.74 90.74 || 0.00 0.01 0.04
Tha, | 0.42 | 0.00 0.87 1.04 0.86 || 0.01 0.01 0.01

(b)
M 0.96 | 0.00 664.27 833.77 221.48 ][ 0.00 0.00 0.00
M, |0.14|0.00  3245.39  2374.66  6014.73 || 0.00 0.00 0.00
Lt 0.99 | 0.00  7008.51  8801.98  3171.67 || 0.00 0.00 0.00
Lty | 0.56 | 0.00 93811.56 123275.43 85721.67 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 0.00 19.48 90.18 || 0.00 0.01 0.04
Tha, | 0.42 | 0.00 0.33 0.47 0.25 || 0.01 0.02 0.01

(c)
M 0.96 | 0.00 663.91 831.94 218.09 ] 0.00 0.00 0.00
M, |0.14]0.00 3240.13 235229  6013.75 | 0.00 0.00 0.00
Lt 0.99 | 0.00  7008.51  8743.00  3140.67 || 0.00 0.00 0.00
Lt, |0.56|0.00 93798.71 123069.04 85087.14 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 0.00 18.81 90.14 || 0.00 0.01 0.04
Tha, | 0.42 | 0.00 0.33 0.47 0.25 || 0.01 0.02 0.01

312 plots

(a)
M 0.96 | 0.00 673.87 847.23 237.26 [ 0.00 0.00 0.00
M, | 0.14]0.00 296263.90 303010.50 302577.79 || 0.00 0.00 0.00
Lt 0.99 | 0.00  7030.30  8753.53  3243.31 || 0.00 0.00 0.00
Lty | 0.56 | 0.00 171255.83 206787.15 174988.55 | 0.00 0.00 0.00
Tha | 0.99 | 0.00 0.00 20.67 90.70 || 0.00 0.01 0.04
Thba, | 0.42 | 0.00 0.86 1.03 0.85 |} 0.01 0.01 0.01

(b)
M 0.96 | 0.00 664.63 834.39 222.11 [ 0.00 0.00 0.00
M, |0.14|0.00 322346 236228  5977.01 || 0.00 0.00 0.00
Lt 0.99 | 0.00  7009.14  8807.14  3168.87 || 0.00 0.00 0.00
Lt, |0.56|0.00 94268.50 123801.82  85981.53 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 0.00 19.44 90.18 || 0.00 0.01 0.04
Tha, | 0.42 | 0.00 0.33 0.47 0.26 || 0.01 0.02 0.01

(c)
M 0.96 | 0.00 664.07 832.13 218.14 [ 0.00 0.00 0.00
M, |0.14]0.00  3219.46  2337.28  5975.38 || 0.00 0.00 0.00
Lt 0.99 | 0.00  7009.09  8743.73  3140.93 | 0.00 0.00 0.00
Lt, |0.56]0.00 94268.50 123685.44 85513.30 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 0.00 18.81 90.15 || 0.00 0.01 0.04
Tha, | 0.42 | 0.00 0.33 0.47 0.25 || 0.01 0.02 0.01

(2c) assume that A.q) = Aoz = Ae
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(Continued)

Pl A Au1) Moy | e By pua

313 plots

(a)
M 0.96 | 0.00 757.76 595.36 0.00 || 0.00 0.00 0.00
M, 0.14 | 0.00 301502.64 297559.03 311408.30 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7876.95 5434.60 1085.72 ]| 0.00 0.00 0.00
Lt 0.56 | 0.00 190528.70 247948.69 106856.87 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 5.61 110.29 71.38 || 0.00 0.05 0.03
Thas | 0.42 | 0.00 0.96 1.10 0.62 ] 0.01 0.01 0.01

(b)
M 0.96 | 0.00 747.56 574.98 0.00 || 0.00 0.00 0.00
M 0.14 | 0.00 2817.51 1901.72  10084.23 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7889.82 5379.62 987.09 || 0.00 0.00 0.00
Lt 0.56 | 0.00 108290.12 161436.38  10808.16 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 5.05 109.50 71.07 || 0.00 0.05 0.03
Thas | 0.42 | 0.00 0.40 0.52 0.00 [} 0.02 0.02 0.00

©
M 0.96 | 0.00 746.62 565.25 0.00 || 0.00 0.00 0.00
M, 0.14 | 0.00 2816.17 1899.10  10071.43 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7875.80 5368.78 925.94 |} 0.00 0.00 0.00
Lt 0.56 | 0.00 108211.21 161161.85 9671.17 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 5.01 109.34 71.07 || 0.00 0.05 0.03
Thas | 0.42 | 0.00 0.40 0.52 0.00 || 0.02 0.02 0.00

312 plots

@)
M 0.96 | 0.00 759.06 597.32 0.00 |} 0.00 0.00 0.00
M 0.14 | 0.00 299579.18 295660.73 309421.65 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7877.10 5430.73 1079.04 || 0.00 0.00 0.00
Lts 0.56 | 0.00 188715.94 246348.76 104383.47 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 5.57 110.25 71.36 || 0.00 0.05 0.03
Thas | 0.42 | 0.00 0.94 1.09 0.61 ] 0.01 0.01 0.01

(b)
M 0.96 | 0.00 748.05 576.07 0.00 | 0.00 0.00 0.00
M, 0.14 | 0.00 2800.28 1888.75  10022.01 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7892.68 5378.28 982.83 || 0.00 0.00 0.00
Lt 0.56 | 0.00 108781.19 162137.94 10631.01 || 0.00 0.00 0.00
Tha | 0.99 | 0.00 5.04 109.49 71.08 || 0.00 0.05 0.03
Tha, | 0.42 | 0.00 0.40 0.53 0.00 || 6.02 0.02 0.00

(©)
M 0.96 | 0.00 746.80 565.39 0.00 || 0.00 0.00 0.00
M; 0.14 | 0.00 2798.21 1886.98  10007.18 || 0.00 0.00 0.00
Lt 0.99 | 0.00 7876.45 5369.23 926.01 || 0.00 0.00 0.00
Lt 0.56 | 0.00 108753.19 161969.03 9719.61 || 0.00 0.00 0.00
Thba | 0.99 | 0.00 5.02 109.35 71.07 || 0.00 0.05 0.03
Thas | 0.42 | 0.00 0.40 0.53 0.00 | 0.02 0.02 0.00
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(2d) assume that A\ = Ay = Apy
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(Continued)

As A Ay A Mo | pn be pan pae
313 plots

2
M 0.00 672.72 845.79 995.36 0.60 || 0.00 0.00 0.00 0.00
M, 0.00 298166.07 304955.99 297559.03 311408.30 | 0.00 0.00 0.00 0.00
Lt 0.00 7032.29 8751.18 5434.60 1085.72 |} 0.00 0.00 0.00 0.00
Lt 0.00 173104.34 208562.92 247948.69 106856.87 || 0.00 0.00 0.00 0.00
Tha | 0.00 0.00 20.74 110.29 71.38 || 0.00 0.01 0.05 0.03
Tha, | 0.00 0.87 1.04 1.10 0.62 || 0.01 0.01 0.01 0.01

(b)
M 0.00 664.27 833.77 574.98 0.00 || 0.00 0.00 0.00 0.00
M, 0.00 3245.39 2374.66 1901.72  10084.23 || 0.00 0.00 0.00 0.00
Lt 0.00 7008.51 8801.98 5379.62 987.09 || 0.00 0.00 0.00 0.00
Lt 0.00 93811.56 123275.43 161436.38 10808.16 (| 0.00 0.00 0.00 0.00
Tha | 0.00 0.00 19.48 109.50 71.07 || 0.00 0.01 0.05 0.03
Tha, | 0.00 0.33 0.47 0.52 0.00 | 0.02 0.02 0.02 0.00

(c)
M 0.00 663.91 831.94 565.25 0.00 || 0.00 0.00 0.00 0.00
M, 0.00 3240.13 2352.29 1899.10 10071.43 {| 0.00 0.00 0.00 0.00
Lt 0.00 7008.51 8743.00 5368.78 925.94  0.00 0.00 0.00 0.00
Ltg 0.00 93798.71 123069.04 161161.85 9671.17 ]| 0.00 0.00 0.00 0.00
Tha | 0.00 0.00 18.81 109.34 71.07 || 0.00 0.01 0.05 0.03
Tha, | 0.00 0.33 0.47 0.52 0.00 || 0.02 0.02 0.02 0.00

312 plots

(2)
M 0.00 673.87 847.23 597.32 0.00 || 0.00 0.00 0.00 0.00
M, 0.00 296263.90 303010.50 295660.73 309421.65 1 0.00 0.00 0.00 0.00
Lt 0.00 7030.30 8753.53 5430.73 1079.04 {| 0.00 0.00 0.00 0.00
Lt, 0.00 171255.83 206787.15 246348.76 104383.47 || 0.00 0.00 0.00 0.00
Tha | 0.00 0.00 20.67 110.25 71.36 | 0.00 0.01 0.05 0.03
Tha, | 0.00 0.86 1.03 1.09 0.61 ]} 0.01 0.01 0.01 0.01

(b)
M 0.00 664.63 834.39 576.07 0.00 || 0.00 0.00 0.00 0.00
M, 0.00 3223.46 2362.28 1888.75 10022.01 || 0.00 0.00 0.00 0.00
Lt 0.00 7009.14 8807.14 5378.28 982.83 || 0.00 0.00 0.00 0.00
Lt, 0.00 94268.50 123801.82 162137.94 10631.01 || 0.00 0.00 0.00 0.00
Tba | 0.00 0.00 19.44 109.49 71.08 1 0.00 ©0.01 0.05 0.03
Tha, | 0.00 0.33 0.47 0.53 0.00 || 0.02 0.02 0.02 0.00

()
M 0.00 664.07 832.13 565.39 0.00 |} 0.00 0.00 0.00 0.00
M, 0.00 3219.46 2337.28 1886.98 10007.18 | 0.00 0.00 0.00 0.00
Lt 0.00 7009.09 8743.73 5369.23 926.01 || 0.00 0.00 0.00 0.00
Lt 0.00 94268.50 123685.44 161969.03 9719.61 || 0.00 0.00 0.00 0.00
Tba | 0.00 0.00 18.81 109.35 71.07 || 0.00 0.01 0.05 0.03
Thay | 0.00 0.33 0.47 0.53 0.00 | 0.02 0.02 0.02 0.00

(2e) assume that Ap, A, 5\6(1>, are A,z are all different.
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Table 6.6: The three moment estimations for the SZINB model applied to real

data
(a) (b) ()

P 0 A Miw | P s Mo | pwv As Mo | Pro

313 plots
M 0.96 70.35 21.55 10.62 | 0.16 22.12 1048 | 0.15 22.17 10.46 | 0.15
M; 0.14 53.66 0.00 5515.94 | 0.00 0.00 51.65 | 0.01 0.00 51.52 | 0.01
Lt 0.99 191.48 | 207.70 40.92 | 0.11 || 207.44 40.99 | 0.11 || 207.73 40.92 | 0.11
Lt 0.56 488.33 0.00 389.36 | 0.06 0.00 221.30 | 0.08 0.00 221.14 | 0.08
Tha | 0.99 12.36 41.38 0.42 | 0.01 41.55 0.38 | 0.01 41.56 0.38 | 0.01
Tha, | 0.42 0.00 0.00 0.96 | 0.03 0.00 0.40 | 0.06 0.00 0.40 | 0.06

312 plots
M 0.96 70.29 21.60 10.65 | 0.16 22.22 10.49 | 0.15 22.29 10.48 | 0.15
M, 0.14  53.66 0.00 5480.63 | 0.00 0.00  51.23 | 0.01 0.00 51.19 | 0.01
Lt 0.99 192.19 | 208.03 40.77 | 0.11 | 207.71 40.86 | 0.11 || 208.04 40.77 | 0.11
Lt, 0.56 491.22 0.00 383.40 | 0.06 0.00 221.00 | 0.08 0.00 220.95 | 0.08
Tha | 0.99 12.40 41.37 0.42 | 0.01 41.53 0.38 | 0.01 41.54 0.37 | 0.01
Tha, | 0.42 0.00 0.00 0.94 | 0.03 0.00 0.40 } 0.05 0.00 0.40 | 0.05

(1a) assume that A, = Ay = Apy and Ay = A2 =0

As A N Y An M B b

313 plots

@ (b)
M 21.47 9.43 11.85 | 0.14 0.17 22.04 9.31 11.69 | 0.14 0.17
M, 0.00 5454.90 5579.12 | 0.00 0.00 0.00 59.37 43.44 | 0.01 0.01
Lt 207.40 36.54 45.47 1 0.09 0.12 || 207.12 36.41 45.73 | 0.09 0.12
Lt, 0.00 353.76  426.22 | 0.05 0.06 0.00 191.71  251.93 | 0.07 0.09
Tha 39.95 0.00 1.55 | 0.00 0.03 40.14 0.00 1.46 | 0.00 0.03
Thba, 0.00 0.87 1.04 | 0.03 0.04 0.00 0.33 0.47 | 0.05 0.06
313 plots (c) 312 plots (c)

M 22.10 9.31 11.66 | 0.14 0.17 21.52 9.45 11.88 | 0.14 0.17
M, 0.00 '59.28 43.03 | 0.01 0.01 0.00 5419.98 5543.41 1 0.00 0.00
Lt 207.73 36.41 45.42 1 0.09 0.12 jj 207.72 36.39 45.31 1 0.09 0.12
Lt, 0.00 191.69 251.50 | 0.07 0.09 0.00 347.93 420.11 | 0.05 0.06
Tha 40.24 0.00 1.41 1 0.00 0.03 39.95 0.00 1.54 { 0.00 0.03
Thay 0.00 0.33 0.47 | 0.05 0.06 0.00 0.86 1.03 ] 0.03 0.04

312 plots

@ (0]

M 21.52 9.45 11.88 | 0.14 0.17 22.14 9.32 11.70 { 0.14 0.17
M, 0.00 5419.98 5543.41 | 0.00 0.00 0.00 58.97 43.22 1 0.01 0.01
Lt 207.72 36.39 45.31 | 0.09 0.12 |} 207.39 36.28 45.59 | 0.09 0.12
Lt, 0.00 347.93 420.11 | 0.05 0.06 0.00 191.52  251.52 | 0.07 0.09
Tha 39.95 0.00 1.54 | 0.00 0.03 | 40.13 0.00 1.45 1 0.00 0.03
Tha, 0.00 0.86 1.03 | 0.03 0.04 0.00 0.33 0.47 | 0.05 0.06
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(Continued)

0 0) ©
6 As Ahve | Phue As Ahve Lﬁlwc A, Ahve | Phoe
313 plots
M 70.35 7.17 7.11 | 0.10 8.54 6.94 | 0.10 8.75 6.91 | 0.10
M, 53.66 0.00 5542.46 | 0.00 0.00 79.63 | 0.00 0.00 79.61 | 0.00
Lt 191.48 | 136.38 20.38 | 0.08 || 137.64  29.22 | 0.08 || 137.66  29.22 | 0.08
Lt, 488.33 0.00 376.11 | 0.02 0.00 199.15| 0.03 0.00 198.58 | 0.03
Tha 12.36 | 15.22 3.48 | 0.08 15.55 3.44 | 0.08 15.57 3.44 | 0.08
Thas 0.00 0.00 0.91 | 0.01 0.00 0.33 | 0.02 0.00 0.33 | 0.02
312 plots
M 70.29 7.13 7.13 | 0.10 8.59 6.95 | 0.10 8.85 6.92 | 0.10
M, 53.66 0.00 5506.97 | 0.00 0.00 79.14 | 0.00 0.00 79.10| 0.00
Lt 192.19 | 137.08 29.26 | 0.08 || 138.22  29.11 | 0.08 || 138.23  29.11 | 0.08
Lt 491.22 0.00  370.01 | 0.02 0.00 198.76 | 0.03 0.00 198.41 | 0.03
Tha 12.40 | 15.31 3.47 | 0.08 15.62 3.43 | 0.08 15.64 3.42 | 0.08
Thas 0.00 0.00 0.90 | 0.01 0.00 0.33 | 0.02 0.00 0.33 1 0.02
(2a) assume that Ap = Ay = ALy = Ao@ = e
5‘s /\hv ic ‘ ﬁhv ﬁc H /\s xhv )‘c ﬁhv ﬁc
313 plots
0 (®)
M 8.33 10.62 3.31 | 0.16 0.05 9.70  10.48 3.10  0.15 0.05
M, 0.00 5515.94 5571.15| 0.00 0.00 0.00 51.55 110.04 | 0.00 0.00
Lt 140.19 40.92 16.88 | 0.11 0.04 J 141.52  40.99 16.48 | 0.11 0.04
Lt, 0.00 389.36 361.77 { 0.02 0.02 0.00 221.30 175.18 | 0.03 0.03
Tha 14.21 0.42 6.79 | 0.01 0.15 14.54 0.38 6.75 1 0.01 0.15
Tha, 0.00 0.96 0.86 | 0.01 0.01 0.00 0.40 0.25 1 0.03 0.02
313 plots (c) 312 plots (c)
M 9.95 10.46 3.06 | 0.15 0.04 || 10.05 10.48 3.06 | 0.15 0.04
M; 0.00 51.52  110.02 | 0.00 0.00 0.00 51.19 109.32 | 0.00 0.00
Lt 142.46 40.92 16.32 | 0.11 0.04 || 143.01  40.77 16.26 | 0.11 0.04
Lt, 0.00 221.14 173.88 | 0.03 0.03 0.00 220.95 173.73 | 0.03 0.03
Tha 14.56 0.38 6.75 | 0.01 0.15 14.63 0.37 6.73 | 0.01 0.15
Thas 0.00 0.40 0.2510.03 0.02 0.00 0.40 0.25 | 0.03 0.02
312 plots
@ ©)
M 8.29 10.65 3.33 1 0.16 0.05 9.76  10.49 3.12 | 0.15 0.05
M; 0.00 5480.63 5535.49 | 0.00 0.00 0.00 51.23 109.35 | 0.00 0.00
Lt 140.88 40.77 16.79 | 0.11 0.04 || 142.10 40.86 16.40 | 0.11 0.04
Lt 0.00 383.40 355.51 | 0.02 0.02 0.00 221.00 174.68 | 0.03 0.03
Tha, 14.30 0.42 6.77 | 0.01 0.15 14.62 0.38 6.73 | 0.01 0.15
Thas 0.00 0.94 0.8510.01 0.01 0.00 0.40 0.26 | 0.03 0.02

(2b) assume that Ay = Ay = Apy and Aoy = Ao = Ac
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(Continued)

g )\s 5\h /\u /\c ﬁh /51/ f)c
313 plots

(a)
M 70.35 8.24 9.43 11.85 3311 0.14 0.17 0.05
M, 53.66 0.00 5454.90 5579.12 5571.15 0.00 0.00 0.00
Lt 191.48 139.89 36.54 45.47 16.88 || 0.09 0.12 0.04
Lt 488.33 0.00 353.76  426.22 361.77 || 0.02 0.02 0.02
Tha 12.36  12.78 0.00 1.55 6.79 || 0.00 0.03 0.15
Thas 0.00 0.00 0.87 1.04 0.86 || 0.01 0.01 0.01

(b)
M 70.35 9.62 9.31 11.69 3.10 | 0.14 0.17 0.05
M, 53.66 0.00 59.37 43.44  110.04 || 0.00 0.00 0.00
Lt 191.48 141.20 36.41 45.73 16.48 || 0.09 0.12 0.04
Lts 488.33 0.00 191.71  251.93 175.18 3 0.03 0.04 0.03
Tha 12.36  13.14 0.00 1.46 6.75 || 0.00 0.03 0.15
Thas 0.00 0.00 0.33 0.47 0.25 || 0.02 0.03 0.02

(c)
M 70.35 9.87 9.31 11.66 3.06 || 0.14 0.17 0.04
M, 53.66 0.00 59.28 43.03 110.02 || 0.00 0.00 0.00
Lt 191.48 142.46 36.41 45.42 16.32 § 0.09 0.12 0.04
Lt, 488.33 0.00 191.69 251.50 173.88 || 0.03 0.04 0.03
Tha 12.36  13.25 0.00 141 6.75 || 0.00 0.03 0.15
Thas 0.00 0.00 0.33 0.47 0.25 || 0.02 0.03 0.02

312 plots

(a)
M 70.29 8.20 9.45 11.88 3.33 || .14 0.17 0.05
M, 53.66 0.00 5419.98 5543.41 5535.49 }) 0.00 0.00 0.00
Lt 192.19 140.57 36.39 45.31 16.79 | 0.09 0.12 0.04
Lts 491.22 0.00 347.93 420.11  355.51 || 0.02 0.02 0.02
Tha 12.40  12.88 0.00 1.54 6.77 || 0.00 0.03 0.15
Thas 0.00 0.00 0.86 1.03 0.85 ] 0.01 0.01 0.01

| (b)
M 70.29 9.67 9.32 11.70 3.12 1 0.14 0.17 0.05
M, 53.66 0.00 58.97 43.22  109.35 || 0.00 0.00 0.00
Lt 192.19 141.78 36.28 45.59 16.40 |} 0.09 0.12 0.04
Lts 491.22 0.00 191,52  251.52 17468 || 0.03 0.04 0.03
Tha 12.40  13.22 0.00 1.45 6.73 || 0.00 0.03 0.15
Thayg 0.00 0.60 0.33 0.47 0.26 | 0.02 0.03 0.02

©
M 70.29 9.98 9.32 11.67 3.06 | 0.14 0.17 0.04
M; 53.66 0.00 58.90 4276 109.32 || 0.00 0.00 0.00
Lt 192.19 143.01 36.28 45.26 16.26 || 0.09 0.12 0.04
Lt, 491.22 0.00 191.52  251.28 173.73 || 0.03 0.04 0.03
Tha 12,40  13.32 0.00 1.40 6.73 | 0.00 0.03 0.15
Thay 0.00 0.00 0.33 0.47 0.25 1 0.02 0.03 0.02
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(2¢) assume that A 1) = A = Ac
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(Continued)

As Abv Ay) Mo | b by b
313 plots

)
M 4.86 10.62 8.34 0.00 | 0.16 0.12 0.00
M; 0.00 5515.94 5443.80 5697.17 {| 0.00 0.00 0.00
Lt 139.95 40.92 28.23 5.64 || 0.11 0.07 0.01
Lt, 0.00 389.36  506.71  218.37 | 0.02 0.03 0.01
Tha 14.18 0.42 8.26 5.34 3 0.01 0.18 0.12
Tbay, 0.00 0.96 1.10 0.62 || 0.01 0.01 0.01

(b)
M 6.00 10.48 8.06 0.00 |} 0.15 0.12 0.00
M; 0.00 51.55 34.79  184.49 | 0.00 0.00 0.00
Lt 141.28 40.99 27.95 5.13 || 0.11 0.07 0.01
Lt 0.00 221.30 329.91 22.09 1 0.03 0.05 0.00
Tha 14.51 0.38 8.20 532 0.01 0.18 0.12
Thbag 0.00 0.40 0.52 0.00 || 0.03 0.03 0.00

(©)
M 6.33 10.46 7.92 0.00 y| 0.15 0.12 0.00
M, 0.00 51.52 34.74  184.26 || 0.00 0.00 0.00
Lt 142.32 40.92 27.89 4.81 || 0.11 0.07 0.01
Lt 0.00 221.14  329.35 19.76 || 0.03 0.05 0.00
Tha 14.54 0.38 8.19 5.32 | 0.01 0.18 0.12
Tha, 0.00 0.40 0.52 0.00 || 0.03 0.03 0.00

312 plots

()
M 4.84 10.65 8.38 0.00 || 0.16 0.12 0.00
M, 0.00 5480.63 5408.95 5660.69 || 0.00 0.00 0.00
Lt 140.64 40.77 28.11 5.59 |} 0.11 0.07 0.01
Lt, 0.00 383.40 500.49  212.07 || 0.02 0.03 0.01
Tha, 14.27 0.42 8.23 5.32 || 0.01 0.18 0.12
Thag 0.00 0.94 1.09 0.61 || 0.01 0.01 0.01

®)
M 6.06 10.49 8.08 0.00 || 0.15 0.12 0.00
M, 0.00 51.23 34.55  183.35 | 0.00 0.00 0.00
Lt 141.85 40.86 27.84 5.09 || 0.11 0.07 0.01
Lt, 0.00 221.00 329.40 21.60 || 0.03 0.05 0.00
Tha 14.59 0.38 8.17 5.30 i 0.01 0.18 0.12
Thay 0.00 0.40 0.53 0.00 || 0.03 0.03 0.00

©
M 6.43 10.48 7.93 0.00 | 0.15 0.12 0.00
M, 0.00 51.19 34.52  183.08 || 0.00 0.00 0.00
Lt 142.87 40.77 27.79 4791 0.11 0.07 0.01
Lty 0.00 220.95 329.00 19.75 || 0.03 0.05 0.00
Tha 14.62 0.37 8.16 5.30 || 0.01 0.18 0.12
Tha, 0.00 0.40 0.53 0.00 | 0.03 0.03 0.00

(2d) assume that Ay = Ay = Ap,
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(Continued)

As An Ay A A | Pv_ Py Pe2)
313 plots

(a)
M 4.78 9.43 11.85 8.34 0.001] 0.14 0.17 0.12 0.00
M, 0.00 5454.90 5579.12 5443.80 5697.17 || 0.00  0.00 0.00 0.00
Lt 139.65 36.54 45.47 28.23 5.64 || 0.09 0.12 0.07 0.01
Lt, 0.00 353.76  426.22  506.71 218.37 [ 0.02 0.02 0.03 0.0l
Tha 12.75 0.00 1.55 8.26 5.34 || 0.00 0.03 0.18 0.12
Thag 0.00 0.87 1.04 1.10 0.62 || 0.01 0.01 0.01 0.01

(b)
M 5.92 9.31 11.69 8.06 0.00 || 0.14 0.17 0.12 0.00
M; 0.00 59.37 43.44 34.79 184.49 || 0.00 0.00 0.00 0.00
Lt 140.96 36.41 45.73 27.95 5.13 i} 0.09 0.12 0.07 0.01
Lt, 0.00 191.71  251.93 329.91 22.09 || 0.03 0.04 0.65 0.00
Tha 13.11 0.00 1.46 8.20 5.32 | 0.00 0.03 0.18 0.12
Tha, 0.00 0.33 0.47 0.52 0.00 || 0.02 0.03 0.03 0.00

()
M 6.25 9.31 11.66 7.92 0.00 || 0.14 0.17 0.12 0.00
M, 0.00 59.28 43.03 34.74 184.26 || 0.00 0.00 0.00 6.00
Lt 142.32 36.41 45.42 27.89 4.81 || 0.09 0.12 0.07 0.01
Lt, 0.00 191.69 251.50 329.35 19.76 || 0.03 0.04 0.05 0.00
Tha 13.23 0.00 1.41 8.19 5.32 4 0.00 0.03 0.18 0.12
Thba, 0.00 0.33 0.47 0.52 0.00 || 0.02 0.03 0.03 0.00

312 plots

(a)
M 4.76 9.45 11.88 8.38 0.00 || 0.14 0.17 0.12 0.00
M, 0.00 5419.98 5543.41 5H408.95 5660.69 || 0.00 0.00 0.00 0.00
Lt 140.33 36.39 45.31 28.11 5.59 || 0.09 0.12 0.07 0.01
Lt 0.00 347.93  420.11 500.49  212.07 || 0.02 0.02 0.03 0.01
Tha 12.85 0.00 1.54 8.23 5.32 || 0.00 0.03 0.18 0.12
Tha, 0.00 0.86 1.03 1.09 0.61 || 0.01 0.017 0.01 0.01

(b)
M 5.97 9.32 11.70 8.08 0.00 | 0.14 0.17 0.12 0.00
M, 0.00 58.97 43.22 34.55 183.35 | 0.00 0.00 0.00 0.00
Lt 141.53 36.28 45.59 27.84 5.09 || 0.09 0.12 0.07 0.01
Ltg 0.00 191.52 251.52 329.40 21.60 § 0.03 0.04 0.05 0.00
Tha 13.19 0.00 1.45 8.17 5.30 {| 0.00 0.03 0.18 0.12
Thbay 0.00 0.33 0.47 0.53 0.00 || 6.02 0.03 0.03 0.00

()
M 6.35 9.32 11.67 7.93 0.00 || 0.14 0.17 0.12 0.00
M, 0.00 58.90 42.76 34.52 183.08 || 0.00 0.00 0.00 0.00
Lt 142.87 36.28 45.26 27.79 4.79 || 0.09 0.12 0.07 0.01
Lt, 0.00 19152 251.28  329.06  19.75 | 0.03 0.04 0.05 0.00
Tha 13.31 0.00 1.40 8.16 5.30 | 0.00 0.03 0.18 0.12
Thay 0.00 0.33 0.47 0.53 0.00 || 0.02 0.03 0.03 0.00

(2e) assume that Ap, Ay, :\c(l), are 5\0(2) are all different.
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Table 6.7: The moment estimations for the SZIE model applied to real data in
the Siuslaw Forest

b B Bl pm
313 plots
M 0.96 0.00 27.34 || 0.20
M; 0.14 0.00 53.08 || 0.00
Lt 0.99 17.10 88.82 || 0.23
Lt 0.56  0.00 329.07 || 0.04
Tha | 0.99 35.07 2.25 1 0.00
Tha, | 0.42  0.00 0.63 || 0.02
312 plots
M 0.96 0.00 27.35 |} 0.20
M, 0.14 0.00 52.92 || 0.00
Lt 0.99 16.77  88.84 || 0.23
Lt 0.56  0.00 329.82 || 0.04
Tha | 0.99 35.05 2.25 1 0.00
Thas | 0.42  0.00 0.63 || 0.02

(1a) assume that By = By = By and By = B =0

P B B Bo | _pn pu
313 plots
M 0.96 0.00 25.77 28.880 0.18 0.23
M, |0.14 0.00 56.97 4873 0.00 0.00
Lt 0.99 17.33 83.72 93.82( 0.20 0.25
Lt, | 0.56 0.00 306.29 351.11 || 0.03 0.05
Tha | 0.99 3523  0.00  4.41 || 0.00 0.01
Thas | 0.42 0.00  0.58  0.69 | 0.02 0.03
312 plots
M 0.96 0.00 25.78 28.89 [[ 0.18 0.23
M, |0.14 0.00 56.78 48.60 || 0.00 0.00
Lt 0.99 17.00 83.72 93.85| 0.20 0.25
Lt; | 0.56 0.00 307.03 351.85 || 0.03 0.05
Tha | 0.99 35.22  0.00  4.41 1 0.00 0.0l
Thas | 0.42 0.00  0.58  0.69 || 0.02 0.03

(1b) assume that G.q) = B2 =0
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(Continued)

]3 ﬁs ﬂhvc
313 plots
M 0.96 0.00 22.25 | 0.09
M; 0.14 0.00 65.98 | 0.00
Lt 0.99 0.06 74.99 || 0.11
Lt, 0.56 0.00 312.17 | 0.01
Thba {0.99 0.00 6.78 || 0.11
Tha, | 0.42 0.00 0.57 || 0.01
312 plots
M 0.96 0.00 22.26 | 0.09
M; 0.14 0.00 65.77 | 0.00
Lt 0.99 0.00 75.00 | 0.11
Lt, 0.56 0.00 312.78 { 0.01
Tha | 0.99 0.00 6.78 | 0.11
Thba, | 0.42 0.00 0.58 || 0.01

ﬁhvc

(2a) assume that 8, = By = B.0) = Be@ = Bhoe

p Bs Bhu Be ” Phv pe
313 plots

M 0.96 0.00 27.34 14.88 | 0.14 0.04
M, 0.14 0.00 53.08 77.55 || 0.00 0.00
Lt 0.99 0.00 88.82 56.32 || 0.16 0.06
Lt, 0.56 0.00 329.07 292.78 || 0.01 0.01
Thba | 0.99 0.00 2.25 9.50 || 0.01 0.22
Tba, | 0.42 0.00 0.63 0.50 || 0.01 0.01
312 plots
M 0.96 0.00 2735 14.90 || 0.14 0.04
M, 0.14 0.00 52.92 77.31 | 0.00 0.00
Lt 0.99 0.00 88.84 56.29 | 0.16 0.06
Lt, 0.56 0.00 329.82 293.23 |} 0.01 0.01
Tba | 0.99 0.00 2.25 9.50 || 0.01 0.21
Tha, | 0.42 0.00 0.63 0.51 || 0.01 0.01

(Qb) assume that ,Bh = ﬁv = ﬂhu and ﬂc(l) = ﬂc(z) = ,38
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(Continued)

P Bs B By Bl pn P pe
313 plots
M 0.96 0.00 25.77  28.88 14.88 || 0.13 0.16 0.04
M, 0.14 0.00 56.97 4873 77.55 || 0.00 0.00 0.00
Lt 099 0.00 8372 93.82 56.32 | 0.14 0.18 0.06
Lt, 0.566 0.00 306.29 351.11 292.78 | 0.01 0.02 0.01
Tba | 0.99 0.00 0.00 4.41 9.50 || 0.00 0.04 0.21
Tha, | 0.42 0.00 0.58 0.69 0.50 || 0.01 0.01 0.01
312 plots
M 0.96 0.00 25.78 28.89 14.90 || 0.13 0.16 0.04
M, 0.14 0.00 56.78  48.60 77.31 | 0.00 0.00 0.00
Lt 0.99 0.00 83.72  93.85 56.29  0.14 0.18 0.06
Lt 0.56 0.00 307.03 351.85 293.23 | 0.01 0.02 0.01
Tha | 0.99 0.00 0.00 4.41 9.50 || 0.00 0.04 0.21
Tha, | 0.42 0.00 0.58 0.69 0.51 |/ 0.01 0.01 o0.01
(2¢) assume that B.q) = Bz = 8.
P B B Bay B || pwe pan pea
313 plots
M 0.96 0.00 27.34  23.98 0.00 | 0.14 0.11 0.00
M, 0.14 0.00 53.08 43.61 100.42 | 0.00 0.00 0.00
Lt 0.99 0.00 8882 7335 3142/ 0.16 0.11 0.02
Lt 0.56 0.00 329.07 401.79 103.96 || 0.02 0.02 0.00
Tha | 0.99 0.00 2.25 10.46 8.43 |} 0.01 0.26 0.17
Tha, | 6.42 (.00 0.63 0.72 0.00 | 0.01 0.01 0.00
312 plots
M 0.96 0.00 27.35 24.00 0.00 || 0.14 0.11 0.00
M, 0.14 0.00 52.92 43.46 100.11 |} 0.00 0.00 0.00
Lt 0.99 0.00 88.84 73.34 3135 0.16 0.11 0.02
Lt 0.56 0.00 329.82 402.66 103.11 | 0.02 0.02 0.00
Tha | 0.99 0.00 2.25 10.46 8.43 || 0.01 0.26 0.17
Thbag | 0.42 0.00 0.63 0.73 0.00 || 0.01 0.01 0.00

(2d) assume that 8, = 8, = By
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(Continued)

b B b B B By | A by by b
313 plots
M 0.96 0.00 25.77 28.88  23.98 0.00 || 0.12 0.16 0.11 0.00
M, 0.14 0.00 56.97 48.73 43.61 100.42 | 0.00 0.00 0.00 0.00
Lt 0.99 0.00 83.72 93.82 73.35 31421 0.14 0.18 0.11 0.02
Lt 0.56 0.00 306.29 351.11 401.79 103.96 || 0.01 0.02 0.02 0.00
Tha | 0.99 0.00 0.00 441  10.46 8.43 | 0.00 0.04 0.25 0.16
Tha, | 0.42 0.00 0.58 0.69 0.72 0.00 § 0.01 0.01 0.01 0.00
312 plots
M 0.96 0.00 2578 2889  24.00 0.00 | 0.12 0.16 ¢.11 0.00
M, 0.14 0.00 56.78 4860 43.46 100.11 || 0.00 0.00 0.00 0.00
Lt 0.99 0.00 83.72 9385 73.34 31.35)0.14 0.18 0.11 0.02
Lts 0.56 0.00 307.03 351.85 402.66 103.11 0.01 0.02 0.02 0.00
Tha | 0.99 0.00 0.00 441 1046 8.43 | 0.00 0.04 0.25 0.16
Tba, | 0.42 0.00 0.58 0.69 0.73 0.00 || 0.01 0.01 0.01 0.00

(2¢) assume that Gy, G, By, are B,z are all different.
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Table 6.8: The moment estimations for the SZIG model applied to real data in
the Siuslaw Forest

¥ alternative 4/

- - !
P v Qs Upy Pho Y ol o'y plhv

313 plots
M 0.96 70.25 2247  10.64 | 0.15 | 70.25 2247 10.64 | 0.15
M; 0.14 || 54.05 0.00 52.13 | 0.01 | 54.88 0.00 51.34 ] 0.01
Lt 0.99 || 191.96 207.99 41.10 | 0.11 {| 191.96 207.99 41.10 { 0.11
Lt 0.56 || 487.96 0.00 221.92 | 0.08 || 488.68 0.00 221.60 | 0.08
Tbha | 0.99 13.05  42.51 0.39 | 0.01 13.05 42,51 0.39 | 0.01
Thas | 0.42 0.84 0.00 0.47 | 0.05 0.85 0.00 0.47 1 0.05
12 plots
M 0.96 || 70.20 22.56 10.66 | 0.15 | 70.20 22.56  10.66 | 0.15
M; 0.14 || 54.05 0.00 51.81 | 0.01 54.88 0.00 51.03 | 0.01
Lt 0.99 || 192.67 208.27 40.97 | 0.11 || 192.66 208.26  40.97 | 0.11
Lt 0.56 || 490.83 0.00 221.63 | 0.08 || 491.57 0.00 221.30 | 0.08
Tha 1 0.99 13.10  42.49 0.39 | 0.01 13.10  42.49 0.39 | 0.01
Tha, | 0.42 0.85 0.00 0.47 1 0.05 0.85 0.00 0.47 | 0.05

(1a) assume that ap = @y = apy and a,0) = @@ =0

w

¥ alternative 4’
Qs ap, Qy f;h ﬁ'u oy o'y oy p,h P/U
313 plots
M 22.38 9.46 11.87 [ 0.14 0.17 || 22.38 9.46 11.87 | 0.14 0.17
M, 0.00 60.05 43.94 {1 0.01 0.01 0.00 59.14 43.27 1 0.01 0.01
Lt 207.67 36.51 45.85 | 0.09 0.12 || 207.67 36.51 45.85| 0.09 0.12
Lt 0.00 192.25 252.63 | 0.07 0.09 0.00 191.97 252.26 | 0.07 0.09

Tha 41.08 0.00 1.49 1 0.00 0.03 | 41.07 0.00 1.49 1 0.00 0.03
Thbas 0.00 0.39 0.56 | 0.04 0.05 0.00 0.39 0.56 | 0.04 0.05

312 plots
M 22.48 947 11.89 | 0.14 0.17 22.48 9.47 11.89 | 0.14 0.17
M, 0.00 59.64  43.71 | 0.01 0.01 0.00 58.74  43.051 0.01 0.01
Lt 207.95 3638 45.71 1 0.09 0.12 || 207.94 36.38 45.71 | 0.09 0.12
Lt 0.00 192.06 252.23 | 0.07 0.09 0.00 191.77 251.85 | 0.07 0.09

Tha 41.07 0.00 1.48 1 0.00 0.03 || 41.07 0.00 1.48 1 0.00 0.03
Tha, 0.00 0.39 0.56 | 0.04 0.05 0.00 0.39 0.55 1 0.04 0.05

(1b) assume that a,0) = a,@ =0
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(Continued)

o alternative 4/
ds dhvc pAhuc O/s O;/huc P’}wc
313 plots
M 8.67 7.05 | 0.10 8.67 7.05 | 0.10
M, 0.00  80.54 | 0.00 0.00 79.32 | 0.00
Lt 138.01  29.30 | 0.08 || 138.00  29.30 | 0.08
Lt, 0.00 199.71 0.03 0.00 199.42 | 0.03
Thba 15.91 3.52 | 0.08 15.91 3.52 | 0.08
Tba, 0.00 0.39 | 0.02 0.00 0.39 | 0.02
312 plots
M 8.72 7.06 | 0.10 8.72 7.06 | 0.10
M; 0.00  80.03 | 0.00 0.00 78.83 | 0.00
Lt 138.60  29.19 | 0.08 || 138.59  29.19 | 0.08
Lt, 0.00 199.32 | 0.03 0.00 199.02 { 0.03
Tha 15.99 3.51 ] 0.08 15.98 3.51 | 0.08
Thbas 0.00 0.39  0.02 0.00 0.39 | 0.02
(2a) assume that ap = oy = apy = @0) = Q@) = Chee
0% alternative 4’
Qs Cpy Q. Phv Pe OA/S ' py & | P P
313 plots
M 9.85 10.64 3.15 | 0.15 0.05 9.86 10.64 3.15| 0.15 0.05
M, 0.00 52.13 111.29 1 0.00 0.00 0.00 51.34 109.60 | 0.00 0.00
Lt 141.91  41.10 16.52 | 0.11 0.04 || 141.90 41.10 16.52 | 0.11 0.04
Lt, 0.00 22192 175.67 | 0.03 0.03 0.00 221.60 175.41 1 0.03 0.03
Thba 14.88 0.39 6.91 |1 0.01 0.15 14.87 0.39 6.91 1 0.01 0.15
Tha 0.00 0.47 0.30 {1 0.02 0.01 0.00 0.47 0.30 | 0.02 0.01
312 plots
M 9.91 10.66 3.16 | 0.15 0.05 9.91 10.66 3.16 { 0.15 0.05
M, 0.00 51.81 110.59 | 0.00 0.00 0.00 51.03 108.92 | 0.00 0.00
Lt 142.48 40.97 16.145 | 0.11 0.04 || 142.47 40.97 16.45 | 0.11 0.04
Lt 0.00 221.63 175.18 |1 0.03 0.03 0.00 221.30 174.91 | 0.03 0.03
Tha 14.96 0.39 6.88 | 0.01 0.15 14.95 0.39 6.89 |1 0.01 0.15
Thas 0.00 0.47 0.30 | 0.02 0.01 0.00 0.47 0.30 | 0.02 0.01

(2b) assume that ap = o, = apy and o o) = aye = @,
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(Continued)

313 plots
4
Qs ap y Q. ﬁh pu pc
M 9.77 9.46 11.87 3.15| 0.14 0.17 0.05
M; 0.00 60.0> 43.94 111.29)0.00 0.00 0.00
Lt 141.58 36.51 4585 16.52 | 0.09 0.12 0.04
Lts 0.00 192.25 252.63 175.67) 0.03 0.04 0.03

Tba 13.44 0.00 1.49 6.91 ) 0.00 0.03 0.15
Thag 0.00 0.39 0.56 0.30 | 0.02 0.02 0.01

alternative 4/

ol o'y aly o plh p/U p/C
M 9.77 9.46  11.87 3.15 1 0.14 0.17 0.05
M, 0.00 59.14 43.27 109.60 | 0.00 0.00 0.00
Lt 141.57 36.51  45.85 16.52 | 0.09 0.12 0.04
Ltg 0.00 191.97 252.26 175.4110.03 0.04 0.03

Tbha 13.44 0.00 1.49 6.91 | 0.00 0.03 0.15
Tha, 0.00 0.39 0.56 0.30 { 0.02 0.02 0.01

312 plots
4
OA‘s ap &y &, ﬁh f)v pAc
M 9.82 9.47 11.89 3.16 | 0.14 0.17 0.05
M; 0.00 59.64 43.71 110.59 | 0.00 0.00 0.00
Lt 142.16 36.38 45.71 16.45 | 0.09 0.12 0.04
Lt 0.00 192.06 252.23 175.18 | 0.03 0.04 0.03

Tha 13.53 0.00 1.48 6.88 1 0.00 0.03 0.15
Thas 0.00 0.39 0.56 0.30 | 0.02 0.02 0.01

alternative 4/

o o', oy o, o' o o,
M 9.83 9.47 11.89 3.16 | 0.14 0.17 0.05
M, 0.00 58.74 43.05 108.92 | 0.00 0.00 0.00
Lt 142.15 36.38  45.71 16.45 | 0.09 0.12 0.04
Lt 0.00 191.77 251.85 174.91 | 0.03 0.04 0.03

Tha 13.53 0.00 1.48 6.89 |1 0.00 0.03 0.15
T'bag 0.00 0.39 0.55 0.30 |1 0.02 0.02 0.01

(2¢) assume that a,q) = a0 = @
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(Continued)

313 plots
¥
Gt Gy Guy b | P P P
M 6.10 10.64 8.18 0.00 | 0.15 0.12 0.00
M, 0.00 52.13 35.19 186.58 | 0.00 0.00 0.00
Lt 141.66 41.10 28.02 5141 0.11 0.07 0.01
Ltg 0.00 221.92 330.84 22.151 0.03 0.05 0.00

Tba 14.85 0.39 8.39 5.4410.01 0.18 0.12
Thas 0.00 0.47 0.62 0.00 | 0.02 0.03 0.00

alternative 4/

o'y A Ay e | Pl Py P
M 6.10 10.64 8.18 0.00 | 0.15 0.12 0.00
M, 0.00 51.34 34.65 183.76 1 0.00 0.00 0.00
Lt 141.65 41.10 28.03 5.14 { 0.11  0.07 0.01
Lt, 0.00 221.60 330.35 22.12 1 0.03 0.05 0.00

Tha 14.84 0.39 8.39 5.44 1 0.01 0.18 0.12
Thas 0.00 0.47 0.62 0.00 | 0.02 0.03 0.00

312 plots
gl
Gt Ghy Q) Ge) | Phe Pty P
M 6.15 10.66 8.21 0.00 | 0.15 0.12 0.00
M, 0.00 51.81 34.95 185.43 | 0.00 0.00 0.00
Lt 142.24  40.97 27.91 5101 0.11  0.07 0.01
Lt, 0.00 221.63 330.34 21.66 | 0.03 0.05 0.00

Tha 14.92 0.39 8.36 5431 0.01 0.18 0.12
Thas 0.00 0.47 0.62 0.00 | 0.02 0.03 0.00

alternative 4/

o s . oy oy | P Py Pl
M 6.15 10.66 8.21 0.00 1 0.15 0.12 0.00
M, 0.00 51.03 34.42 - 182.63 | 0.00 0.00 0.00
Lt 142.23 40.97 27.92 5.10 | 0.11 0.07 0.01
Lt 0.00 221.30 329.84 21.63 1 0.03 0.05 0.00

Tha 14.92 0.39 8.36 9431 0.01 0.18 0.12
Tbas 0.00 0.47 0.62 0.00 | 0.02 0.03 0.00

(2d) assume that ap = oy = ap,
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(Continued)

313 plots
gl

Qs an Gy b @ | P Py Py P
M 6.01 9.46 11.87 8.18 0.00 | 0.14 0.17 0.12 0.00
M, 0.00 60.06 43.94 35.19 186.58 { 0.00 0.00 0.00 0.00
Lt 141.34  36.51 45.85 28.02 5.14 | 0.09 0.12 0.07 0.01
Lt 0.00 192.25 252.63 330.84 22.15| 0.03 0.04 0.05 0.00
Tha 13.41 0.00 1.49 8.39 544 1 0.00 0.03 0.18 0.12
Tbha, 0.00 0.39 0.56 0.62 0.00 ) 0.02 0.02 0.03 0.00

alternative 4’

o o' oy Ay A | Py Py Py Pl
M 6.01 9.46 11.87 8.18 0.00 | 0.14 0.17 0.12 0.00
M, 0.00 59.14  43.27 34.65 183.76 | 0.00 0.00 0.00 0.00
Lt 141.33  36.51 45.85  28.03 5.14 | 0.09 0.12 0.07 0.01
Lt, 0.00 191.97 252.26 330.35 22.12 | 0.03 0.04 0.05 0.00
Tha 13.41 0.00 1.49 8.39 5.44 | 0.00 0.03 0.18 0.12
Tha, 0.00 0.39 0.56 0.62 0.00 | 0.02 0.02 0.03 0.00

312 plots
¥

G Qi Gy G b | Ppr Py Py P
M 6.07 947 11.89 8.21 0.00 | 0.14 0.17 0.12 0.00
M, 0.00 59.64  43.71 34.95 185.43 | 0.00 0.00 0.00 0.00
Lt 141.92  36.38 45.71 27.91 5101 0.09 0.12 0.07 0.01
Lt, 0.00 192.06 252.23 330.34 21.66 | 0.03 0.04 0.05 0.00
Tha 13.50 0.00 1.48 8.36 5.43 1 0.00 0.03 0.18 0.12
Tha, 0.00 0.39 0.56 0.62 0.00 | 0.02 0.02 0.03 0.00

alternative 4/

o op ofy oy ey | P Py Py Pl
M 6.07 947 11.89 8.21 0.00 | 0.14 0.17 0.12 0.00
M, 0.00 5874 43.05 34.42 182.63 | 0.00 0.00 0.00 0.00
Lt 141.91 36.38 45.71  27.92 5.10 1 0.09 0.12 0.07 0.01
Lt, 0.00 191.77 2b51.85 329.84 21.63 | 0.03 0.04 0.05 0.00
Tha 13.49 0.00 1.48 8.36 543 | 0.00 0.03 0.18 0.12
Thay | 0.00 039 055  0.62  0.00 | 0.02 0.02 0.03 0.00

(2e) assume that a’s are all different
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Figure 6.6: RMSE for the plot-based data fitted by spatial ZIP models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, + and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.1). The values of x-axis are (la) assume that
M = A = A and A\ = A.» = 0, (1b) assume that A,o) = A = 0 (2a)
assume that Ay = Ay = A.a) = Aue = Anwe (2b) assume that A, = A, = A,
and A1) = Ay = Ac (2¢) assume that Aoy = A = A (2d) assume that
A = Ay = Ay (2€) assume that A, Ay, 5\‘0(1), are 5\0(2) are all different.
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Figure 6.7: RMSE for the plot-based data fitted by spatial ZINB models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, + and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.2). The values of x-axis are (la) assume that
A = Ay = Ap and Ay = A = 0, (1b) assume that Aoy = A = 0 (2a)
assume that A, = Ay, = Ay = Aje) = e (2b) assume that Ay = A, = Ay,
and A0 = A = A (2c) assume that Ao = A = A (2d) assume that
A = Ay = Apy (2e) assume that Ap, Ay, Ay, are A ) are all different.
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Figure 6.8: RMSE for the plot-based data fitted by spatial ZIE models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A\, + and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.3). The values of x-axis are (la) assume that
Br = By = Bro and B0y = B> = 0, (1b) assume that S0 = Bu2 = 0, (2a)
assume that 8, = B, = Buyy = Bou» = Bhue, (2b) assume that 8, = B, = B,
and B0 = B2 = B (2¢) assume that 8,0 = B, = B, (2d) assume that
By = By = Bhu, (2€) assume that ﬁh,ﬁu,/éc(l)7 and 8. are all different.
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Figure 6.9: RMSE for the plot-based data fitted by spatial ZIG models
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The RMSE is estimmated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A\, + and x respectively denote the
prediction rules 1-4 (see Sed. 6.8.4). The values of x-axis are (la) assume that

ap = a, = ap, and a0 = age = 0, (1b) assume that a0 = e, = 0, (2a)
assume that ap = o, = a0 = q.2 = Ahye, (2b) assume that ap = a, = o,
and a1y = a2 = a (2¢) assume that a0 = Q.2 = & (2d) assume that

ap = &, = apy, (2€) assume that ag, o, &), and &2y are all different.
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Figure 6.10: RMSE for the subplot-based data fitted by spatial ZIP models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, + and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.1). The values of x-axis are (la) assume that
A = A = A and Ay = A = 0, (Ib) assume that A0y = A = 0 (2a)
assume that A\, = Ay = A,) = Aue = Anwe (2b) assume that X, = A, = Ay,
and A,y = Ay = Ac (2¢) assume that Ay = MA@ = A. (2d) assume that
A = Ay = Apy (2€) assume that g, Ay, :\C(l), are 5\6(2) are all different.
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Figure 6.11: RMSE for the subplot-based data fitted by spatial ZINB models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, 4+ and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.2). The values of x-axis are (la) assume that
Mo = A = Ay and Ay = A = 0, (1b) assume that Ao = A = 0 (2a)
assume that A, = A, = Ay = M@ = Anee (2b) assume that Ay = A, = Ay
and A\ = A = A (2¢) assume that Aoy = A = Ac (2d) assume that
A = Ay = Ay (2€) assume that A, Ay, 5\0(1), are 5\6(2) are all different and \; = (.
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Figure 6.12: RMSE for the subplot-based data fitted by spatial ZIE models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, + and x respectively denote the
prediction rules 1-4 (see Sec. 6.8.3). The values of x-axis are (la) assume that
By = B, = By and B.a) = Bux = 0, (1b) assume that S.0) = B2 = 0, (2a)
assume that Oy = B, = Buyy = B = Bhec, (2b) assume that B, = B, = By
and B, = B2 = B (2¢) assume that B0 = Bz = B, (2d) assume that
B = B, = Bru, (2€) assume that 6[17/81},/36(1), and 36(2) are all different.
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Figure 6.13: RMSE for the subplot-based data fitted by spatial ZIG models
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The RMSE is estimated by leave-one-out cross-validation method for 33 plots
with 8 neighbors. Note that the marks, o, A, 4+ and x respectively denote the
prediction rules 1-4 (see Sed. 6.8.4). The values of x-axis are (la) assume that

ap = oy = ap, and a0 = a.e = 0, (1b) assume that a0y = a.» = 0, (2a)
assume that o), = a, = Q1) = Q2 = Qhye, (2b) assume that ap = o, = ayp,
and a,0) = ayz = ., (2¢) assume that a0 = a.z = a., (2d) assume that

ap = Qy = Qpy, (2€) assume that ap, y, d,0), and &) are all different.

270

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



7. SPATIAL MODELS WITH AUXILIARY DATA

In this chapter, we propose the following procedures to incorporate the aux-
iliary data: (1) general linear model, (2) spatial regression model with =X 3
where X is an N x (k + 1) matrix and 3 is a (k + 1)-dimensional vector of re-
gression parameters, and (3) spatial models with similar neighbors defined by the

similarity function formed by the auxiliary data.

7.1 General Linear Model (GLM)

If there exists a significant spatial dependence among the response variables,
including more auxiliary data might account for the spatial dependence. First
we will deal with the genéral linear regression model without spatial dependence.

The model is written in the matrix form of
Y = XB+e (7.1)

where Y = (Vi,...,Yy), X = (1,X0, ... X0y X0 = (x¥ . xVYy and
X9 denotes the jth covariate at plot 7, 3 is a vector of k+1 regression parameters,
e ~ MVN(0, ¢ I); where the XZ»U) might be Aspect (Asp), Elevation (Elev), Slope,
TM bands 1-5 and 7 (Band;-Bands, and Bandy;), Tasseled Cap band data (Cap;-
Caps), ratio band data (Ratio;-Ratios), etc.

The ordinary least square estimate B of 3 is found by minimizing

N

k
D (Yi— o - Zﬁin(j))Q

7=1

with respect to 3. The solution is given by
BOLS = (X/X)_lle (7.2)
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The residuals in the model (7.1) are given by

k
o> BXY,i=1,...,N.
=1

% is estimated by

The variance o

1 A A

= ————(Y-XB)(Y-X .
; _(k+1)< BY(Y - X) (13)
N
N k+1 Z:
The MLE of &2 is given by
LN
orLE = N Zéf under the Gaussian model. (7.4)

i=1

The Gaussian likelihood function for Y = (Yi,...,Yy)' is given by

L. o) = Gmyaagy o7 | (Y — XB/(Y = XB)]

The log-likelihood is

(B, %) = S log(2m0?) — 5 (Y — XBY(Y — XB).

The MLE (maximum likelihood) estimator is found by maximizing I(-) with re-

spect to B and o?.

ogp,a*) N 1
gl —2—0“—27(Y XB)(Y - XB)

= 0.
The equality holds if and only if 6°=(Y-X8) (Y-X83). The MLE of 8 is then
found by minimizing (3 , 6?), i.e. Brre=Bors.

To test whether there is a regression relation between the dependent variable

X and Y, we choose between the alternatives: Hy : 8) = ... = [ = 0 versus H,:
not all 3;,7=1,...,k equal zero. One can use the F-test, where
R*/k

F =

A—R)/(N=k-1) _Fk,N—k_l, under Hy is true
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where

_Bxxp-Y

Y'Y - NY?

To test Ho : B; = 0vs. H, : 8; #+ 0,5 =1,...,k, we may use the {-test for

R2

t-statistic

B;
~ 1/2

13

t; =

where a;; is the ith diagonal element of (X'X)~!. The decision rule at level « is:

if | ¢; |<t(1 —a/2,N — (k +1)), do not reject Hy; otherwise reject Hy.

7.2 Most Similar Neighbor Model (MSN)

Moeur and Stage (1995) described the "most similar neighbor” (MSN) in-
ference procedure, in which the value of the most similar neighbor is imputed as
the value for the non-sampled plot. The MSN inference is a special case of the
k-nearest neighbors (k-NN) method which decides the nearest neighbor in Maha-
lanobis distances, considering & = 1. The similarity is defined by the similarity

function
Dy; = (X; = X;)GA*G'(X; = X;) (7.5)

where (¢ are canonical coefficients of the X’s, A is a vector of the correlations
between the X’s and Y’s from sampled plots, Y might be any of the forest vari-
ables, such as mortality (M), mortality of seedlings (M), total numbers of live
trees (Lt), Lt of seedlings (Lt,), total basal area (Tha), Tha of seedlings (Lt,),
and X; = (Xi(l), e ,Xi(k)) is any of the auxiliary variables, i.e. Aspect, Elevation,
Slope, TM bands 1-5 and 7 at plot ¢. The canonical correlation seeks a linear
combination of one set of Y and a second set of X such that the correlation is
maximimized. And hence a similarity function D;; using such a distance function
related to the canonical correlation concept is proposed. First, using the canonical

correlation analysis for the IV sampled plots, the G and A are obtained.
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7.3 Spatial Regression Model (SRM) with p=Xg3

In Chapter 4, we discussed the simple spatial model ("Phase I” model)
(See (4.1)) Y = p + Be,

where Y = (Y1,...,Yn), p=(py... ,p)'; € ~ MVN(0,0? T) and I' =T+ p; H +
p2V+ psCV +p, C? = B'B.
This section will bring in the auxiliary data in the selected ”"Phase I” model

and then ”Phase II” model is written as

Y = p+ Be
= XB + Be (7.6)

where Y = (Yi,...,Yn), s = Bo + Zle ﬂjXZ»(j), Xi(j) denotes the jth covariate
at plot 4, p=(p1,... ,un), € ~ MVN(0,0* I), T =1+ p H+po, V = B'B, and
XZ»(j) is the auxiliary data such as Aspect, Elevation, Slope, TM bands 1-5 and 7 at

plot 7. Since B is invertible, we assume that M = (m;;) = I— B~'. In individual

observation, equation (7.6) is equivalent to

k N k
Yi=6o+ 3 XD+ 3 malYi— (Bo+ DB X ) +ei=1,...,N, (1.7)
7=1 =1 7=1

where m,; are zeros for 1 = 1,... , N. The value at plot ¢ depends on the mean of
its distribution at that plot, plus a weighted sum of the errors at the neighboring
plots.

The Gaussian likelihood of Y = (Y1,...,Yn) is

- -1
L(B, 0% prpa) = (2n0?) P T [ Peap | (Y = XBY(Y ~ XB)
o
where I' = T+ p; H+ p2V + ps C) 4 p, C?) = B'B. Then the log-likelihood of
Y is
(B, 0% pii=1,....,4) = log (L(,@, olpini=1,... ,4))

- —%log(%r&z) — Slog(I T ) = 55 (¥ — XBY(Y — Xp)

1
202
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Maximizing with respect to y and o2, we find that

(Y - XB)T(Y - XB)
N

Buyrr = (XX)'X'Y and 63,5 = (7.8)

The log-likelihood is therefore reduced to
N . 1 N
(B, 0%, p1,p2) = —-log(2m6%) — Slog(| T |) — —
2 2 2
7.4 Alternative Spatial Zero-Inflated Models with Auxiliary Data

The model (6.6) with p and A depending on covariates forms the basis of the

zero-inflated Poisson (ZIP) regression framework proposed by Lambert (1992). In

ZIP regression, the responses Y = (Yi,...,Yy) are independent and
V= 0 with probability 1 — p;
" | Poisson();) with probability p;

and the parameters X = (A,... ,Any) and p = (p1,...,pn) satisfy
log(A) = Xp (7.9)

logit(p) = log(p/(1—p)) =Gy (7.10)

for covariate matrices X and G.
Analogously, we will incorporate the covariates into p and A’s in the model

(6.16). Thus a spatial zero-inflated Poisson (SZIP) regression model is given by:

+p) 4 ple) 4 ple) 4 pled 4y B, (See (6.16))

and the parameters p and A = (Ap, Ay, Ay, Ay ) satisfy

log(A) = Xp (7.11)
logit(p) = log(p/(1 —p)) = G (7.12)
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for covariate matrices X and G. Spatial zero-inflated exponential (SZIE) re-
gression, spatial zero-inflated gamma (SZIG) regression, and spatial zero-inflated
negative binomial (SZINB) regression models can be expressed in a similar way
to a SZIP regression model.

The moment estimation we used for spatial zero-inflated (SZI) models does
not work for spatial ZI models with auxiliary data. In future work, we will exam-
ine a better estimation method such as maximum likelihood estimation for SZI

models.

7.5 Results

We included a single regressor in the linear regression model (7.1) for Tha
with and without the isolated plot observation. Since the results are about the
same, we only summarize the results for Tha without the isolated plot (N = 312).
The results for Tha are summarized in Table 7.1. The predictor variables Elev,
Band;-Bands, Bands, Band;, Cap;, Caps, Caps, Ratio;, and Ratio, are significant
at level 0.05. We included all predictors except for Tasseled Cap variables in the
model (7.1) for Tha and the result is summarized in Table 7.2. In selecting
explanatory variables, we used the backward elimination procedure which starts
with a complete set, and at each step drops the independent variable that gives
the smallest increase in the residual sum of squares. The basic steps are (1)
first dropping the variable with the highest p-value, (2) then dropping the second
highest one, until only significant variables are left. The reduced model (7.1) of

Tha without the isolated plot is (S.D. values in parentheses)

Y: = 85.71 +11.01 Asps — 0.34 Band, — 33.23 Ratio,

(7.08)  (3.91)  (0.05)  (8.99)
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R* = 0.1423; residual S.D.=22.68
—Log(likelihood) = —1414.61
AIC = 2837.21
AICC = 2837.34

Schwartz = 2852.18

Also, we include the location coordinates (si, s2) in the model above. From
Table 7.3 (b) and (c), we note that the coefficients for the location coordinates
(s1,82) are not significantly different from zero. But we still consider the models
as candidate models since the spatial effect was considered.

In this section we examine the "Phase 1I” model under the explanatory vari-
ables we chose for model 7.1(a). The "Phase II” model, Eqn. 7.6 can be rewritten

as
Y=X8+46 (7.13)

where § = B € is MVN(0, ¢°T) and I' = B'B.

Before we fit the model to the residuals, 4, the sample correlation between
different directional neighbors are calculated and listed in Table 7.4. From Table
7.4, we can see that the sample correlations of 8, v, and ~, are very small, one
is negative and the other one is positive; and vz, yields the value of -0.0097. As
to the 2-unit-apart sample correlations, 7, is twice 7,. Thus, we will consider
Scheme (2d), i.e. p1 = pa, ps, pa, in the "Phase II” model. The result for Tha
from Model 7.6 is summarized in Table 7.3.

In the MSN procedure, when D;; is minimized at 7 = [, the value Y] is
imputed as the prediction for plot ¢. The first MSN model we consider is the
model that includes the predictor variables, Elev, Band,-Bands,Bands, Band-,

Cap;, Caps, Caps, Ratio;, Ratio; and Ratios. Then we also consider the model
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with all variables in the previous MSN model, s; and s;, and the model with an
additional variable s; X s,.

Similarly, we include a single regressor in the linear regression model (7.1)
for Lt data without the isolated plot observation, i.e. N = 312. From Table 7.3,
we note the coeflicients for the location coordinates are not significant at level
o = .05. From Table 7.4, we can see that the sample correlations of the residuals
for Lt, v, and +, are about the same. As to the 2-unit-apart sample correlations,
vn is almost triple «,. Thus, we will consider Scheme (2d), i.e. p1 = p2, p3, pa, in
the "Phase II” model. Also, we consider an alternative one with scheme (2b) and
then one less parameter is estimated.

The results for M are summarized in Table 7.10. The predictor variables
Elev, Band,-Bands, Band;, and Cap;, are significant at level 0.05. We included
all predictors except for Tasseled Cap variables in the model (7.1) for M and the
result is summarized in Table 7.11. The backward elimination procedure was used

in the model selection.

Y: = 100.37 + 15.95 Aspsin + 0.08 Elev — 1.89 Band; — 7.26 Ratio;
= (18.12) (5.55) (0.03) (0.64) (3.08)

R* = 0.09; residual S.D.=64.97

From Table 7.3, we note that the coefficients for the location coordinates are
not significant at level « = .05. From Table 7.4, we can see that the sample
correlations of the residuals for Lt, v5 and ~, are about the same. As to the
2-unit-apart sample correlations, ~;, is almost triple ~,. Thus, we will consider
Scheme (2d), i.e. p1 = pa, p3, pa, in the "Phase II” model. Also, we consider an

alternative one with scheme (2b) because one parameter less has to be estimated.

278

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



From Table 7.4, we note that the sample correlations of the residuals for M,
are 7,=0.0989 and 7,=0.1535. As to the 2-unit-apart sample correlations, vy is
ten times as much as v, but v, is negative. Thus, we will consider Scheme (2d),
i.e. pi = p2, p3, pa, in the "Phase 11”7 model. The difference between v; and +, can
not be ignored although there might be bias in the estimated parameters. And
hence, an alternative spatial regression model was considered; that is Model 7.6
with scheme (2e).

Table 7.6 summarizes the results of applying a simple regression model with
a single predictor and Table 7.7 shows the results of fitting Lt by the general
linear model with all predictors variables. Finally, the reduced Model 7.1 for Lt

is summarized in Table 7.8.
7.5.1 Model selection

In the model selection we used the leave-one-out Cross-Validation (1CV) for
those 33 plots with all 8 neighbors to compare for all candidate models. The
results for Tha are summarized in Table (7.5).

We note that the RMSE of Tha data for models (7.1) and (7.6) are appar-
ently smaller than for MSN, but the difference between the two models is slight.
When we look at the statistics for other methods AIC, BIC, and AICC, they all
suggest model (7.6) is better, i.e. has the smallest values of those three statistics.
Compared to the estimated RMSE of Tha prediction based on the simple spatial
model, i.e. model (4.1), with correlation scheme (2b), the estimated RMSE of Tba
predictions based on model (7.6) is slightly greater (21.92 vs. 19.65), but the es-
timated AIC, AICC, and BIC based on the selected model (7.6), are respectively
9826.36, 2852.54, and 2826.73, versus those based on the selected model (4.1)
without auxiliary data, 2868.10, 2868.21, and 2876.54. For Tba, spatial multi-
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variate regression models do not show improvement based on reduced RMSE, but
do show slight improvement based on AIC, AICC, and BIC.

The estimated RMSE, AIC, AICC, and BIC for Lt, are summarized in Table
7.9. We can see that RMSEs from models (7.1) and (7.6) are approximately 25%
smaller than those from the MSN procedure, Model(7.5). For the selected model
without auxiliary information in Chapter 4, the estimated RMSE, AIC, AICC, and
BIC, are 62.61, 3495.13, 3495.17, and 3502.21. The estimates for (7.6) in Table
7.9 are slightly less, so the spatial multivariate regression models incorporating
auxiliary information do show improvement based on all selected model selection
criteria.

For M, the estimated RMSE, AIC, AICC, and BIC, are summarized in Table
7.13. We can see that RMSEs from models (7.1) and (7.6) are approximately
22% smaller than those from the MSN procedure, Model (7.5). In Chapter 4,
the simple spatial model with correlation matrix scheme (2a) was suggested and
the corresponding estimated RMSE, AIC, AICC, and BIC of M predictions based
on such a model without auxiliary information, are 62.21, 3495.13, 3495.17, and
3502.61, respectively. Compared to the estimates based on model (7.6) in Table
7.13, some are reduced; some are increased, but there is little overall change. In
general, the selected spatial regression model with auxiliary data offers no real
improvement in making M predictions.

In summary, we don’t get much improvement in the estimated cross-validated
RMSEs by adding the auxiliary information to our models even though we incor-
porate spatial dependence. The MSN procedure doesn’t work any better than the
general linear model and spatial regression model; after adding the location coor-
dinates in the MSN procedure, it doesn’t decrease our estimated RMSEs. Moeur
and Stage included the variogram as a predictor in the MSN inference and they

claimed it reduced in the estimated ovefall RMSE.
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Table 7.1: The estimates of the parameters from the linear regression model (7.1)
with one predictor for Tha

Bo s.e.(Bo) B; se.(B;)| ¢ R*  p-value

Asp 43.27 2.80 -0.00 0.01 | 24.41  0.000 0.933
(0.000) (0.933)

Aspain 43.53 1.39 0.85 1.97 | 24.40  0.000 0.667
(0.000) (0.667)

ASPeos 43.51 1.38 -1.62 1.94 | 24.38  0.002 0.405
(0.000) (0.405)

Aspre 45.15 2.42 -3.30 3.89 | 24.38  0.002 0.397
(0.000) (0.397)

Asps 42.73 2.30 1.59 3.94 124.40 0.002 0.687
(0.000) (0.687)

Elev 37.16 3.02 0.02 0.01 | 24.20  0.020 0.020
(0.000) (0.020)

Slope 41.99 3.22 0.09 0.18 | 24.40  0.000 0.611
(0.000) (0.611)

Band, 119.06 19.40 -1.20 0.31 | 23.83  0.047 0.000
(0.000) (0.000)

Band, 86.29 9.70 -1.88 0.42 123.66 0.060 0.000
(0.000) (0.000)

Bands 68.28 6.02 -1.39 0.33 | 23.74 0.0545 0.000
(0.000) (0.000)

Band, 66.48 4.41 -0.27 0.05 | 23.31  0.089 0.000
(0.000) (0.000)

Bands 64.52 3.82 -0.47 0.08 | 23.16 0.10 0.000
(0.000) (0.000)

Band; 57.53 2.95 -1.17 0.22 12336 0.084 0.000
(0.000) (0.000)

Cap; 77.66 5.67 -0.32 0.05 | 23.03 0.11 0.000
(0.000) (0.000)

Cap, 54.12 2.58 -0.34 0.07 { 23.54  0.070 0.000
(0.000) (0.000)

Caps 38.97 2.33 0.38 0.16 | 24.19  0.018 0.018
(0.000) (0.018)

Ratio; 69.09 5.45 -4.24 1.08 | 23.83  0.047 0.000
(0.000) (0.000)

Ratio, 53.54 5.14 | -18.97 9.33 | 23.25 0.013 0.043
(0.000) (0.043)

Ratiog 41.58 6.71 0.47 1.65 | 24.41  0.000 0.774
(0.000) (0.774)

Note: the p-values in parenthesis are for testing the hypothesis Hy :

G; = 0 and

the p-values in the last column are for testing the acceptance of the model.
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Table 7.2: The model (7.1) with all predictor variables for Tha

Residual Standard Error = 22.5093, Multiple R-Square = 0.1854
N = 312, F-statistic = 4.8274 on 14 and 297 df, p-value = 0

coef std.err  t.stat p.value

By 87.4708 35.7877  2.4442 0.0151
Asp 0.0123  0.0194 0.6363 0.5251
Aspsin 7.0637  3.0246 2.3354  0.0202
Aspes  -2.8510  1.8602 -1.5326 0.1264
Elev  0.0147 0.0100 1.4646 0.1441
Slope -0.0544  0.1749 -0.3109 0.7561
Band, 0.0983 0.6474 0.1519 0.8794
Band, 2.2970  1.2157 1.8895  0.0598
Bands; -1.5460  1.2048 -1.2832 0.2004
Bandy  -0.5498  0.2969 -1.8518 0.0650
Bands 0.6241 ~ 0.3967 1.5733 0.1167
Band, -1.1340 0.7105 -1.5961 0.1115
Ratio;  -1.9607  3.9968 -0.4906 0.6241
Ratio, -47.8559 27.9697 -1.7110 0.0881
Ratiog  -2.9812 23721 -1.2567 0.2098

The t statistic is for testing if the coeflicient is zero and the two sided p-value is
for the t statistic.
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Table 7.3: The model (7.1) with the best predictor variables and location coordi-
nates (s1, s2) for Tha

Model (7.1)(a)
coef  std.err t.stat p.value
Bo 85.7143  7.0799 12.1066  0.0000
Asps 11.0138  3.9052  2.8203 0.0051
Bands, -0.3446 0.0517 -6.6682 0.0000
Ratio, -33.2385  8.9941 -3.6956  0.0003

Model (7.1)(b)
coef  std.err t.stat p.value
Bo 82.6222  8.6993  9.4975  0.0000
81 0.1301  0.4038  0.3222 0.7475
S9 0.0603  0.0761  0.7928 0.4285
Asps  10.9550  3.9156  2.7978  0.0055
Bands -0.3532  0.0520 -6.7944  0.0000
Ratio, -32.6283  9.1746 -3.5564  0.0004

Model (7.1)(c)
coef  std.err t.stat p.value
Oo 76.53800 11.3330  6.7573  0.0000
81 0.6533  0.7472  0.8744  0.3826
S9 0.2540  0.2448  1.0376  0.3003
s1s2  -0.0158  0.0190 -0.8325 0.4058
Asps 11.0840  3.9207  2.8271  0.0050
Band, -0.3593  0.0525 -6.8407 0.0000
Ratiop -31.5830  9.2647 -3.4090  0.0007

The ¢ statistic is for testing if the coefficient is zero and the two sided p-value is
for the t statistic.
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Table 7.4: Sample Correlations for the residuals, , in Model 7.13

Th Ty Thy (1) re(2) Te

Thba || -0.0320 0.0134 | -0.0097 | 0.1810  0.0961 | 0.1383
Lt 0.1031 0.0989 | 0.1010 | 0.0803 0.0230 | 0.0515
M 0.0989 .0.1535 | 0.1257 | 0.1078 -0.0793 | 0.0138

rj,: sample correlation between one-unit-apart (1.7 mile) horizontal neighbors
r,: sample correlation between one-unit-apart vertical neighbors

rhy: sample correlation between one-unit-apart neighbors

r.: sample correlation between one-unit-apart (1.7 /2 mile) corner neighbors
r.2: sample correlation between one-unit-apart (1.7 /2 mile) corner neighbors
r.: sample correlation between one-unit-apart (1.7 V2 mile) corner neighbors

Table 7.5: Model selection criteria for all 3 types of competing models for Tba:

RMSE AIC BIC  AICC

TCV | Model (7.1)(a) | 20.24 2838.41 2857.13 2838.61
Model (7.1)(b) | 20.12 2841.21 2867.41 2841.57
Model (7.1)(c) | 20.30 2842.48 287243 2842.96
Model (7.5)(a) | 28.78 NA NA NA
Model (7.5)(b) | 26.77 NA NA NA
Model (7.5)(c) | 34.76 NA NA NA
Model (7.6) 21.92 2826.36 2852.54 2826.73

Model (7.1)(a): the model (7.1) with predictors fp (intercept), Bandy, and Ratios.
Model (7.1)(b): the model (7.1) with predictors By (intercept), Band4, Ratiog, and
location coordinates s{, so.

Model (7.1)(c): the model (7.1) with predictors g (intercept), Bandy, Ratiog, location
coordinates sy, Sz, S X S3.

Model (7.5)(a): the model (7.5), i.e. most similar neighbor model with all predictors
Model (7.5)(b): the model (7.5), i.e. most similar neighbor model with all predictors
and location coordinates sy, ss.

Model (7.5)(c): the model {7.5), i.e. most similar neighbor model with all predictors,
location coordinates sy, s2, §; X s2, Model (7.6): teh model (7.6) with predictors S5
(intercept), Aspgn, Elev, Bandy, and Caps.
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Table 7.6: The estimates of the parameters from the linear regression model (7.1)
with one predictor for Lt

Bo s.e.(Bo) Bi s.e.(B)) o R*  p-value

Asp 385.80 30.89 -0.10 0.14 | 269.54 0.002 0.493
(0.000) (0.493)

Aspgin || 369.79 15.28 35.58 21.70 | 268.539 0.009 0.102
(0.000) (0.102)

Aspe,s || 367.38 15.28 -1.04 21.51 | 269.75 0.000 0.961
(0.000) (0.961)

Aspre || 369.53 26.77 -4.24 43.01 | 269.74 0.000 0.921
(0.000) (0.921)

Asps 334.22 25.31 71.08 43.41 | 268.59 0.009 0.103
(0.000) (0.103)

Elev 367.50 33.63 -0.00 0.11 | 269.75 0.000 0.996
(0.000) (0.996)

Slope 335.81 35.53 1.95 1.98 | 269.33 0.003 0.326
(0.000) (0.326)

Band; || 357.06  219.64 0.16 3.47 | 269.75  0.000 0.963
(0.105) (0.963)

Band; || 355.18  110.57 0.54 4.81 | 269.74 0.000 0.911
(0.001) (0.911)

Band; 432.3 68.35 -3.64 3.73 | 269.34 0.003 0.330
(0.000) (0.330)

Bandy || 273.26 50.73 1.09 0.56 | 268.12 0.012 0.033
(0.000) (0.053)

Bands || 379.56 44.44 -0.27 0.93 | 269.71  0.000 0.770
(0.000) (0.770)

Band; || 384.05 34.03 -1.39 2.54 1 269.62 0.001 0.584
(0.000) (0.584)

Cap, 304.99 66.34 0.58 0.60 | 269.34 0.003 0.335
(0.000) (0.335)

Cap, 313.33 29.3 1.74 0.81 | 267.75 0.015 0.032
(0.000) (0.032)

Caps 314.37 25.7 4.50 1.77 1 266.97 0.021 0.011
(0.000) (0.011)

Ratio; || 184.37 60.78 37.63 12.11 | 265.64  0.03 0.002
(0.003) (0.002)

Ratios || 509.53 56.59 | -267.74  102.70 | 266.84 0.021 0.010
(0.000) (0.010)

Ratios || 281.48 73.99 21.61 18.22 1 269.14 0.005 0.236
(0.000) (0.236)

Note: the p-values in parenthesis are for testing the hypothesis Hy : 3; = 0 and
the p-values in the last column are for testing the acceptance of the model.
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Table 7.7: The model (7.1) with all predictor variables for Lt

Residual Standard Error = 265.58, Multiple R-Square = 0.0713
N = 312, F-statistic = 1.6297 on 14 and 297 df, p-value = 0.074

coef std.err  t.stat p.value

Bo -453.5849 422.2453 -1.0742  0.2836
Asp 0.1077 0.2288  0.4707  0.6382
Aspg,  43.6416  35.6857  1.2229  0.2223
ASpeos -6.1609  21.9483 -0.2807 0.7791
Elev -0.0313 0.1182 -0.2649 0.7913
Slope 1.8589 2.0639  0.9007  0.3685
Band, 6.8879 7.6380 0.9018 0.3679
Band, 7.1425  14.3434  0.4980 0.6189
Band; -7.7924  14.2148  -0.5482  0.5840
Band, 0.1518 3.5032  0.0433  0.9655
Bands -8.2105 4.6803 -1.7543  0.0804
Band;  13.3605 8.3827 1.5938  0.1120
Ratio; 64.2024  47.1565 1.3615 0.1744
Ratio, 104.1342 330.0039 0.3156 0.7526
Ratio; ~ 38.8062  27.9878 1.3865 0.1666

The t statistic is for testing if the coeflicient is zero and the two sided p-value is
for the t statistic.
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Table 7.8: The model (7.1) with the best predictor variables and location coordi-

nates (s1,s2) for Lt

Model (7.1)(a)

coef std.err  t.stat p.value

Bo 184.3730  60.7825 3.0333  0.0026

Ratio;  37.6271  12.1100 3.1071  0.0021
Model (7.1)(b)

coef std.err  t.stat p.value

Bo 277.3792  71.8849  3.8587  0.0001

s1 -14.1999 4.6069 -3.0823  0.0022

So 1.3869 0.8716  1.5913 0.1126

Ratio;  41.6222  12.0854  3.4440 0.0007
Model (7.1)(c)

coef std.err  t.stat p.value

Bo 174.0339 100.4176 1.7331  0.0841

s1 -3.5631 8.5691 -0.4158 0.6778

S2 5.3021 2.8001 1.8935  0.0592

s182  -0.3208 0.2181 -1.4710 0.1423

Ratio;  38.0591  12.3034  3.0934 0.0022

The ¢ statistic is for testing if the coefficient is zero and the two sided p-value is

for the t statistic.
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Table 7.9: Model selection criteria for all 3 types of competing models for Lt:

RMSE AIC BIC  AICC

[CV | Model (7.1)(a) | 234.78 4371.90 4383.12 4371.07
Model (7.1)(b) | 233.59 4366.33 4385.04 4366.52
Model (7.1)(c) | 235.24 4366.12 4388.58 4366.39
Model (7.5)(a) | 319.49  NA  NA  NA
Model (7.5)(b) | 311.05  NA  NA  NA
Model (7.5)(c) | 302.84 NA NA NA
Model (7.6) 240.19 4361.89 4371.21 4361.97

Model (7.1)(a): the model (7.1) with predictor By (intercept) Ratio;.

Model (7.1)(b): the model (7.1) with predictors &y (intercept), Ratio;, and location
coordinates sy, s;.

Model (7.1)(c): the model (7.1) with predictors 8y (intercept), Ratioq, location coordi-
nates 81, S2, 81 X 82.

Model (7.5)(a): the model (7.5), i.e. most similar neighbor model with all predictors
Model (7.5)(b): the model (7.5), i.e. most similar neighbor model with all predictors
and location coordinates s, s3.

Model (7.5)(c): the model (7.5), i.e. most similar neighbor model with all predictors,
location coordinates sq, sg, 81 X S2.
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Table 7.10: The estimates of the parameters from the linear regression model (7.1)
with one predictor for M

Bo s.e.(Bo) B; s.e.(3;) & R?  p-value

Asp 68.45 7.74 -0.03 0.04 ; 67.56 0.002 0.410
(0.000) (0.410)

Aspgin 63.48 3.83 8.63 5.44 1 67.36 0.008 0.114
(0.000) (0.114)

Aspeos 62.98 3.83 -4 .48 5.39 |1 67.56 0.002 0.406
(0.000) (0.406)

Aspre 67.74 6.70 -9.48 10.77 | 67.55 0.002 0.379
(0.000) (0.379)

Asps 54.98 6.35 16.98 10.89 | 67.37 0.008 0.120
(0.000) (0.120)

Elev 39.70 8.30 0.09 0.03 | 66.58 0.031 0.002
(0.000) (0.002)

Slope 63.89 8.92 -0.06 0.50 | 67.63 0.000 0.901
(0.000) (0.901)

Band, 155.57 54.81 -1.47 0.87 | 67.32 0.009 0.091
(0.005) (0.091)

Band, 111.63 27.58 -2.14 1.20 | 67.29 0.010 0.075
(0.000) (0.075)

Bands 96.93 17.05 -1.91 0.93 |1 67.18 0.013 0.041
(0.000) (0.041)

Bandy 90.20 12.69 -0.32 0.14 | 67.08 0.016 0.025
(0.000) (0.025)

Bands 90.23 11.02 -0.61 0.23 | 66.88 0.022 0.009
(0.000) (0.009)

Band-, 85.89 8.41 -1.92 0.63 | 66.63 0.029 0.002
(0.000) (0.002)

Cap; 105.65 16.47 -0.40 0.15 | 66.87 0.022 0.008
(0.000) (0.008)

Cap, 75.13 7.36 -0.39 0.20 | 67.22 0.012 0.053
(0.000) (0.053)

Caps 54.69 6.49 0.70 0.45 | 67.37 0.008 0.119
(0.000) (0.119)

Ratio; 90.41 15.39 -5.66 3.07 | 67.26 0.011 0.066
(0.000) (0.066)

Ratios 77.65 14.32 -27.80 25.98 | 67.51 0.004 0.285
(0.000) (0.285)

Ratios 30.40 18.50 8.18 4.56 | 67.28 0.010 0.074
(0.101) (0.074)

Note: the p-values in parenthesis are for testing the hypothesis Hy : 3; = 0 and
the p-values in the last column are for testing the acceptance of the model.
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Table 7.11: The model (7.1) with all predictor variables for M

Residual Standard Error = 65.0684, Multiple R-Square = 0.1132
N = 312, F-statistic = 2.7075 on 14 and 297 df, p-value = 9e-04

coef std.err  t.stat p.value

Bo -31.7014 103.4530 -0.3064 0.7595
Asp 0.0228 0.0561  0.4070 0.6843
Aspsin - 19.0961 8.7432  2.1841 0.0297
Aspeos  -6.3016 5.3775 -1.1718  0.2422
Elev  0.0924 0.0290 3.1911 0.0016
Slope  -0.5938 0.5057 -1.1742  0.2413
Band, 2.3705 1.8714  1.2667 0.2062
Band, 4.7956 3.5142  1.3646 0.1734
Bands  -7.4251 3.4827 -2.1320 0.0338
Band, 0.6408 0.8583  0.7465 0.4559
Bands  -0.3160 1.1467 -0.2755 0.7831
Band; -1.1296 2.0538 -0.5500 0.5827
Ratio; -22.8735  11.3537 -1.9798  0.0487
Ratio,  15.8793  80.8532 0.1964 0.8444
Ratios 6.3660 6.8572  0.9284  0.3540

The t statistic is for testing if the coefficient is zero and the two sided p-value is
for the t statistic.
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Table 7.12: The model (7.1) with the best predictor variables and location coor-
dinates (s1,s2) for M

Model (7.1)(a)
coefl std.err  t.stat p.value
Be 100.3716 18.1237  5.5382  0.0000
Aspsin 159520 5.5519  2.8733  0.0043
Elev 0.0791  0.0270 2.9271  0.0037
Band, -1.8865 0.6421 -2.9378 0.0036
Ratio;  -7.2562  3.0840 -2.3529 0.0193

Model (7.1)(b)
coef std.err  t.stat p.value
By 118.0681 19.9142  5.9288  0.0000
sy -3.1036 1.2624 -2.4584  0.0145
82 0.2436  0.2162 1.1266  0.2608
Aspsin  16.3367 55189 2.9601  0.0033
Elev 0.1076  0.0307 3.5078  0.0005
Band;, -2.1074  0.6445 -3.2700 0.0012
Ratio;  -6.4505  3.0863 -2.0900 0.0374
Model (7.1)(c)
coef std.err  t.stat p.value
Bo 128.6107 27.1364 4.7394  0.0000
sy -4.1365 2.2023 -1.8782  0.0613
sy -0.1342  0.6943 -0.1932  0.8469
5182 0.0311  0.0543 0.5726  0.5673
Aspg,  16.2637  5.5264  2.9429  0.0035
Elev 0.1067  0.0308 3.4690 0.0006
Band,  -2.1552  0.6505 -3.3129 0.0010
Ratio;  -6.0559  3.1657 -1.9130 0.0567

The # statistic is for testing if the coefficient is zero and the two sided p-value is

for the t statistic.
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Table 7.13: Model selection criteria for all 3 types of competing models for M:

RMSE AIC BIC  AICC

IOV | Model (7.1)(a) | 57.00 3496.16 3518.62 3496.43
Model (7.1)(b) | 56.55 3493.97 3523.92 3494.45
Model (7.1)(c) | 56.34 3495.64 3529.33 3496.24
Model (7.5)(a) | 78.09 NA NA NA
Model (7.5)(b) | 63.70 NA NA NA
Model (7.5)(c) | 7248 ~ NA  NA  NA
Model (7.6) 62.19 3486.23 3498.56 3486.43

Model (7.1)(a): the model (7.1) with predictors By (intercept), Aspsin, Elev, Bandz,
and Ratio;.

Model (7.1)(b): the model (7.1) with predictors 8y (intercept), Aspsn, Elev, Bandy,
Ratioy, and location coordinates sy, Sg.

Model (7.1)(c): the model (7.1) with predictors By (intercept), Aspgin, Elev, Bandz,
Ratioy, location coordinates sy, sg, 1 X s2.

Model (7.5)(a): the model (7.5), i.e. most similar neighbor model with all predictors
Model (7.5)(b): the model (7.5), i.e. most similar neighbor model with all predictors
and location coordinates sy, ss.

Model (7.5)(c): the model (7.5), i.e. most similar neighbor model with all predictors,
location coordinates sy, s3, 1 X Sg.

292

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



8. PREDICTIONS FOR NON-SAMPLED LOCATIONS
INCORPORATING AUXILIARY INFORMATION

To make predictions is one of our objectives for this study. In Chapter 4
we only discussed the predictions (or estimations) for primary sample units (1-
ha plots) on the 1.7-mile grid. This chapter investigates predictions of spatially
varying response variables at non-sampled plots on the 0.85-mile grid based on the
observations at sampled plots, i.e. fill-in predictions or interpolations. Intuitively,
a linear combination of the observations is suggested, i.e. a linear prediction, and
minimization of mean-squared error (MSE) is used leading to the classical best
linear prediction (BLP).

In this chapter, we will use the models described in Chapter 7, i.e. models

7.1, 7.5, and 7.6, to make predictions for 6 selected non-sampled plot locations.

8.1 Predictions and Prediction Intervals Using General Linear Model
(GLM)

Definition: (see Graybill 1984, Definition 6.1.1)

General Linear Model. Let Y be an N x 1 observable vector of random vari-
ables; let X, be an N x k matrix (N > k) of known fixed numbers; let 5 be a
k x 1 vector of unknown parameters; let € be an N x 1 unobservable vector of
random variables, where E[¢] = 0 and Cov|[s]|= X; let these quantities be related
by

Y =X.8 +-¢,

where X, = (XM, ..., X®). These specifications define a general linear model.

This model is referred to as a general linear sample model.
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Theorem: (see Graybill 1984, Theorem 8.2.1)

Consider the general linear model given in the above Definition for the case: ¢ is
distributed normally with mean zero and covariance matrix 21, where 0% > 0
is unknown, that is, ¢ is distributed N(0,021). Let B and &% be the UMVU
estimators of 3 and o2, respectively,. Let Xg be a vector in domain D of u(Xo).
A 1 — a prediction interval for ?0, the mean of | future observations selected at

random from the normal distribution with mean u(Xo) = #'X, and variance o

is given by
3K = a8 < Yo < 3 Xo + hojat (8.1)
where
1 1/2
ha/? - toz/?,N——k—l (7 + XE)S*_IXO> 5 (82)

and S, = X/X,. When [ = 1, the prediction interval of Eqn. 8.1 yields the
prediction interval for an individual future observation.

The general linear model we consider in this thesis is Y = X3 + € (see 7.1)
where X = (1,X.,), and so a 1 — « prediction interval for sto’glm at non-sampled

plot location sg, is given by
B/XO - ha/2a- S Ko,glm S B/XO + hoz/2a- (83)

where the subscript glm in }A{smg;m indicates the prediction using the general linear
model.

1/2

haj2 = tajzn—k-1 (1 + X587 Xo) ", (8.4)

where Xg is a vector of covariate observations at location sg, and § = X'X.

For the simple linear model, Y; = Bo + Bi1z; + &5, 1 =1,... , N,

1 1
x= | ©

1 N
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N N
Ei:l £y Zi:l w?

Thus
xS %0
1 Ef\il S 2511 L 1
= |: 1 Zo ] N ~ 5 N [ o :I
N - (She) ) L-She N
- _1_ + (C_ZI_ — 1'012
N Z(l’z - $)2

And, hence a 1 — « prediction interval for Y/so,slm at non-sampled plot location sq,

is given by
/éo + 31900 —taj2N-2041 < i/so,slm < Bo + Bll‘o + a2, N_2 0 A (8.5)

where the subscript slm in YsO’sgm indicates the prediction using the simple linear

model, and A? is defined as:

1 (f— $0)2
Aoy ooy AT )
=Yt SE e

For a general linear model, the standard deviation of the prediction error

for the prediction ng gim of Ys, given a specific value of X, at non-sampled plot

location sg is
~ ~ 7 —1 1/2
OY,p,glm = O (1 + XOS Xo> (86)

where 5% is the estimated standard deviation of the random error ;. Y, p,gim 18
referred to as the standard error of prediction. The simple linear model is a special

case of a general linear regression model and its standard error of prediction is

1 > 2
&Y,p,slm:&\/1+_+u“ (87)
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8.2 Predictions and Prediction Intervals Using the MSN Procedure

The predicted value by the MSN procedure is §; = y;» when D;; is minimized

at 7 = j'. The similarity is defined by the similarity function
(5667.5) Di]‘ = (Xz - XJ)GA2G/(XZ - X]‘)/, Z,] = 1, . ,N,

where (G are canonical coefficients of the X’s, A is a vector of the correlations
between the X’s and Y’s from sampled plots; Y might be forest variables, such
as mortality (M), mortality of seedlings (M,), total numbers of live trees (Lt),
Lt of seedlings (Lts), total basal area (Tbha), Tha of seedlings (Lt,), and X; =
(XZ»(l), e ,XZ-(k)), i.e. Aspect, Elevation, Slope, TM bands 1-5 and 7 at plot 1.
Then a data based predictor from the MSN procedure is denoted as }A/Sm msn
at location so. The prediction error of Y, e is hard to derive because there

is no explicit closed form, so a simulation is conducted to obtain the prediction

€rTor.

8.3 Predictions and Prediction Intervals Using Spatial Regression Model
(SRM)

The spatial regression model we considered in Chapter 7 is also referred to

as "Phase 1I” model, given by

(See?.6) Y = p+ Be
= X8+ Be
where Y = (V1,... . Yn), X = (1, X0, . X®Y T =T+4p H+p, V4p3 CV 4
psC® = B'B, ¢ ~ MVN(0, ¢% I). Since this I' does not allow predictions for
non-sampled plots on the 0.85 mile grid, we consider an alternative approach and

assume that the correlation function is distance based as we studied in Chapter

5. The "Phase II” model, with a distance-related autocorrelation function p(d),
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can be rewritten as
Y=X8+46 (8.8)

where §(.) is a zero-mean finite-variance error process that is spatially correlated

and Var[6] =o' = & where I' = (p;;)

Hhj=1"
Then for known B3 and I', an optimal predictor is the simple kriging predictor

(Cressie, 1993)

Vig,orm = XoB+'E7H(Y - XB) (8.9)
Y prm = 0 —€XTe4 (Xo — X'Te)(X'ETIX)T
Koo XY (8.10)

where the subscript srm in YsO,srm indicates the prediction using a spatial regres-
sion model, and ¢= o*(po1, - - . , pon)'-

Then a data based predictor is given by (Cressie, 1993)

o~

}/}so,srm = XOB+E/§—1(Y“X6) (811)
where the generalized least squares estimator of B3 is
B=XStx) xSy (8.12)

and the estimated mean-squared prediction error is

52 = -S4 (X — X'ET) (XS X))

UY, P, 8rm

(Xo — X'S71e) (8.13)

Thus a 1 — « prediction interval for YSO,SW at non-sampled plot location sg, is

given by
(zo,srm - Zl——a/2a\Y,p,srm7 zo,srm + Zl—a/28Y,p,srm) (814)
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under the assumption that Y(-) is Gaussian.

To estimate the covariance matrix ¥ for 8, we use the least squares method
to get the estimated BLS of @, and then calculate =Y - XBLS. Then we fit the
autocorrelation function to the sample correlation among 8. The autocorrelation

functions we consider are listed as follows:

(1) pij(8) = exp(—0d;), 0,k > 0,

(2) pi;(6) = (1 +6d%)=H, 0,k > 0.

We use least squares and weighted least squares methods in finding the parameters
# and k that minimize

S N(d) {p*(d) - p(d)} (8.15)

" gn

for lag distance d and N(d) is the number of pairs of observations with lag distance
d. The estimates § and k can be obtained from an iterative, nonlinear estima-
tion routine such as the Gauss-Newton algorithm in the Splus nlminb function.
The autocorrelation model fitting for the residuals § of Thba on 1-ha plots are
portrayed in Figure 8.1. From Figure 8.1, we note that the correlation function
(2) doesn’t fit well with either weighted or unweighted least squares methods and
the fitting curves are overlapped, hence in further considerations, we only use
the autocorrelation function (1), pij(8) = exp(—0d), 8,k > 0 for Tha fitting.
Figure 8.6 shows autocorrelation model fitting for & of Lt. The autocorrelation
function (1), pij(d) = exp(—0d;), 0,k > 0 fits much better, so this function is
used for further discussion for Lt. From Figure 8.9, we note that the correla-
tion function (2) doesn’t fit well to & of M with either weighted or unweighted

least squares methods, so here too, we only use the autocorrelation function (1),

pij(8) = exp(—0dF), 0,k > 0.
Finally, we plug $-1 into Eqn. (8.12) to get the generalized least squares

estimate of 3.
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8.4 Bootstrap Methods and Simulations

8.4.1 Bootstrap methods

In this section, we use two different ways of bootstrapping the models de-
scribed earlier: a simple bootstrap (i.e. bootstrapping pairs (y;, X;)) and a semi-
parametric bootstrap method (i.e. bootstrapping residuals). The bootstrapping
pairs method is less sensitive to assumptions than bootstrapping residuals. Which
bootstrap method is better? It depends on how well we trust the model.

In bootstrapping residuals, we first select a random sample of bootstrap error
terms e*=(el,... ,ey) from {é1,... ,énx}, and then the bootstrap responses y; are

generated according to a specific model. For example, for a simple linear regression

model,

The predicted value by the MSN procedure is 4; = y;» when D;; is minimized
at j = j', and so the residual é; is obtained by y —¢;. The MSN procedure focuses
on the similarity function to predict via the value at plot j with the nearest D;;
distance to plot ¢ without specifying a certain model. Although the residuals can
be obtained in the MSN inference, we still have trouble in back-transforming the
residuals to bootstrapped response Y;* without the model equation. And hence it
is not possible to use the bootstrapped residuals for the MSN procedure. Also, we
don’t have an explicit form for the prediction error of prediction from the MSN
procedure. We will conduct a simulation to investigate the prediction error.

A semiparametric bootstrap method does consider spatial dependence among
the data. Suppose that the spatial data follows a spatial regression model, i.e.

”Phase II” model

(See?.6) Y =X3+ Be
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where Y = (Y;,...,Yy), X = (1, XW, ...  XWY T = (p;))N_, = B'B, e ~
MVN(0, o2 1).

For each bootstrap sample *, transformation back to the y; is calculated by
Y = X3 + Bé.
8.4.2 Simulations

Since we don’t have an explicit form of prediction errors of the predictions
from the MSN procedure, a simulation study is conducted to examine the range of
mean squared prediction error of individual prediction from the MSN procedure.
The reduced linear model for Tha we obtained in Chapter 7 is Y¥; = 86.31 +
11.05 Asps — 0.35 Bandy + &;, where e=(c1,... ,ent6) is MVN(O, (22.68)%I). The

simulation procedure is

(1) Generate *, a realization of size (N 4 6) from MNV(0,(22.68)*I).

(2) Since the covariates are known numbers and we have the estimates, By =
85.71, Bl = 11.01, /5’2 = —0.34, and 33, the generated realization from model
7.1 1s

Y =85.71 + 11.01 Asps — 0.34 Bandy +¢f, i = 1,... , N +6

(3) Repeat steps 1 and 2 until b = 1,000 realizations of Y* are obtained.

Put the (N+1)-th, ..., (N+6)-th aside, use the prediction rules of the general lin-
ear mode] and the MSN procedure based on the generated values at plot locations
51,...,8N, where N = 312. For each realization, we have a pair of simulated and
predicted values, say (v, i, gim), ¢ = N +1,..., N 46, i.e. for non-sampled plots
1-6. Figure 8.4 presents the histograms of (y;,Ji gim). We can see they are very
alike.

To compare with the results from the "Phase II” model, i.e. model 7.6, we

conduct a simulation by the following procedure:
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(1) Generate €*, a realization of size (N + 6) from MNV(0,I).
(2) Calculate the values of §* by
8* = 6 Be*

A A a A~ \N+6 A »
where I' = B'B = (exp(—@dfj)) with 8 = 0.0016, & = 0.87 estimated

27j=1
from Tba data.
(3) Since the covariates are known numbers and we have the estimates, Bo =

85.71, /3’1 = 11.01, BQ = —0.34, and Bg, the realization from model 7.6 is

Y* = 85.71 + 11.01 Asps — 0.34Band, + 6", i=1,... ,N +6

(4) Repeat steps 1 and 3 until b = 1,000 realizations of Y™ are obtained.

Similarly, simulations for Lt and M are conducted.

8.5 Results

Table 8.1 summarizes the Tha bootstrapped predictions using Ko,glm and

Y, srm at the selected 6 non-sampled plots. The plug-in estimates are obtained

by substituting the N observations into the equations of Yso,glm and Yso,srm; then

~

Ysy,gim and ?So,srm are the averages of 1,000 bootstrapped Ygo,glm and }Ast,s,m,
respectively. From Table 8.1, we note than the plug-in estimates 6y, sm are
smaller than &y, gim, but the plug-in estimates }A/So,glm are not alway smaller than
YSO’Mm. The plug-in estimates, Yso,s,m, for plots 1 and 4 are quite different from
Y., gim- The values from the first term in Eqn. (8.11) for plots 1 and 4 are very
close to the plug-in estimates Yi, yim, but the values from the second term of
)A/Sms,,m, i‘l(Y — XB), are -15.39 and -20.59, respectively. For plot 1, it is due to
the large weights, 0.33, for the two neighboring plots with the negative residuals -
26.07 and -26.04. For plot 4, the general mean XOB 1s adjusted by the neighboring

residuals -6.95 and -44.92 with the weights 0.33.
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The estimates of the prediction errors for Yso, gim and Yso,srm of }A/;O can be

rewritten as:

~2 A2 ~2 1 g-1
OV, p,gim = Osrm + JsrmXOS Xo
= T+ T
~2 a2 IS IR=1\7 vigi—1 vy —1
0y poom = 0 —CU €+ (Xo— X'E7¢)(X'UTX)

(Xo — X'S1¢)

i

Ty — Tog + Taa.

For each plot, the values of T}; are very close to those of T3, and the values of T,
are very close to those of Ths, so the additional term T3, is the major contributor
to the reduced value 5% , ,.,,. The values of Ty, for the selected 6 non-sampled
plot locations are about 169 which is large compared to the values of the first
term, 507. Compared to the predictors in Chapter 3, the plug-in mean-squared
prediction errors (m.s.p.e.) of }A/;O’s,m are smaller than those of the predictors in
Chapter 5 (338 vs. 587).

When the simple bootstrap method is used, the estimates Gy, p, gim are slightly
bigger than the estimates 6y, , 4m. The opposite results occur when we use the
semiparametric bootstrap method. Figures 8.2 and 8.3 present the histograms
of bootstrapped Thba predictions from models 7.1 and 7.6. From Figure 8.2, we
note little difference in the histograms of the simple bootstrap and the semipara-
metric bootstrap methods. That’s because the residuals are assumed independent
based on the model 7.1 predictions. We can see that the histograms of the Tha
bootstrapped predictions at the 6 selected non-sampled plot locations are quite
different when the model with spatially correlated errors is assumed, i.e. model

7.6.
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Table 8.2 shows the comparison of YSO’ om and Ysc,msn from the generated

model 7.1:
Y =85.71 +11.01 Asps —0.34Bands +¢},:=1,... ,N+6

where e=(ey,... ,ente) is MVN(O, (22.68)*I).

From Table 8.2, we can see that rm.\e.(ysoﬁmsn)’s at each plot are approxi-
mately 50% larger than rm.(ﬁo,glm). Table 8.3 compares the MSN predictions
and spatial regression predictions, based on the generated simple regression model
with realizations similar to Tha data. The estimated prediction errors for predic-
tions }Nfso,srm at plots 2, 3, and 5 are about 50% smaller than those for }N/So’msn.

Table 8.3 shows the comparison of ﬁo,s,m and Yso,msn from the generated

model 7.1:
Y =86.31 +11.05Aspg — 0.35Bands + 5,0 =1,... ,NN+1,... ,N+6

where 8=(01,...,6x,0N41,- .- »Onye) is MVN(0, (22.68)? I), and ['= B'B=(exp
(~0.00164%57)) " 1.

In summary, }A/;Oys,,m is the best predictor when there exists significant spatial
dependence among the data based on the smallest mean-squared prediction error
(m.s.p.e). In Chapter 7, we mentioned that spatial multivariate regression models
incorporating auxiliary information did not show improvement based on estimated
overall RMSE. In this chapter, distance-related correlation functions and auxiliary
information were included in spatial regression model. Such models did not reduce

the estimated overall RMSEs for the whole area, but did reduce m.s.p.e. of the

prediction errors for individual plots.
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Figure 8.1: Sample correlations and the fitted exponential function for the resid-
uals from Tha data of ”Phase II” Model 7.6"
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Table 8.1: The Tha predictions at the selected 6 non-sampled plot locations from

1,000 bootstrapped samples

Average of 1,000 Bootstrapped Estimates
Plug-in Simple Semiparametric
Estimates!] Bootstrap Bootstrap
plot Yso,glm Yso, srm Yso,glm Yso, srm Yso,glm Yso, srm
1 55.41 39.35 55.38 53.65 55.46 52.68
(2.32) (4.22) (2.37) (6.03)
2 53.51 60.31 53.37 54.90 53.53 55.51
(3.17) (2.11) (3.29) (1.54)
3 40.05 36.47 40.03 38.75 39.98 37.69
(2.80) (1.65) (2.70) (0.74)
4 49.12 28.78 49.18 46.04 49.13 44.17
(2.48) (5.42) (2.28) (6.27)
5 25.16 25.60 25.08 25.59 24.97 26.08
(2.83) (0.61) (3.07) (0.64)
6 42.26 50.11 42.15 43.52 42.19 44.58
(1.76) (2.16) (1.82) (2.60)
Plug-in Simple Semiparametric
Estimates!] Bootstrap Bootstrap
PlOt a\Y, p,glm a'\Y, p, sTYM aY, p, glm 8Y, p, srm GY, p,glm aY, P, STM
1 22.65 18.54 | 22.4960 21.77 | 22.4958 23.36
(0.8684) (1.50) | (0.8683) (1.93)
2 22.75 18.64 | 22.6016 21.86 | 22.5984 23.45
(0.8725) (1.50) | (0.8723) (1.91)
3 22.71 18.53 | 22.5576 21.81 | 22.5549 23.38
(0.8700) (1.52) | (0.8706) (1.95)
4 22.65 18.47 | 22.4981 21.74 | 22.4967 23.33
(0.8684) (1.51) | (0.8684) (1.94)
) 22.73 18.59 | 22.5777 21.84 | 22.5747 23.44
(0.8732) (1.51) | (0.8714) (1.93)
6 22.61 18.44 | 22.4518 21.72 | 22.4513 23.32
(0.8671) (1.51) | (0.8666) (1.96)

1} The plug-in estimates for Oy, p, gim and Oy, p spm are calculated by plugging the N observations
into the Eqns. (8.6) and (8.13) and the estimated a; based on the N observations. Also, the

sample standard deviations of Yy, gim, Yo, srm, O, p, gim, a0d @y, spm are listed in parentheses.
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Figure 8.2: 1,000 bootstrapped predictions of Tha from model 7.1 at 6 non-sample
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(b) using the semiparametric bootstrap method

1] The six non-sample plot locations are depicted in Figure 5.4
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Figure 8.3: 1,000 bootstrapped predictions of Tba from model 7.6 at 6 non-sample
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(b) using the semiparametric bootstrap method

1] The six non-sample plot locations are depicted in Figure 5.4
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Table 8.2: Comparison of predictors ?;07glm and lA/soymsn for 6 non-sampled plots*]
based on 1,000 Tba realization from general linear model 7.1%

plot Yoo,otm  Ysoomsn | OF 4 gim  OF.p men
1 | mean | 55.28 56.52 22.64 NA®
s.€. 2.30 21.88 0.90 NA
2 mean | 53.43 52.70 22.74 NA
s.e. 3.20 22.43 0.90 NA
3 mean | 39.94 40.61 22.69 NA
s.e. 2.77 22.26 0.90 NA
4 | mean | 48.97 48.14 22.64 NA
s.e. 2.30 22.36 0.90 NA
) mean | 25.10 28.04 22.71 NA
s.e. 3.00 22.30 0.90 NA
6 | mean | 42.18 43.02 22.59 NA
s.e. 1.82 22.19 0.90 NA

) . > > S -
(a). The means and s.e.’s of 1,000 estimates Yy, gim, Yy, msn, and op , . 10

Eqn. (8.6)
plot | rm.se.(Ysy, gim) rim.s.e.(Ysy msn)
1 22.81 31.55
2 22.48 32.29
3 22.38 31.23
4 23.05 30.84
5 22.40 31.30
6 23.84 32.79
X ,000/Y,
(b). rim.se.(Y;) = 1’%5 S DESYIFED SV LN
where )A/pb,NH, i = 1,...,6 denote the prediction at non-sampled plot ¢ using
the MSN predictions and the GLM predictions based on the generated values at
sampled plots, 1,..., N = 312 from the b** generated realization of size (N + 6),

and ng ~N4: denotes the bt" generated values at non-sampled plot 1.

1] Six non-sample plot locations are depicted in Figure 5.4.
2] The generated model : Y; = 86.31+11.05 Asps—0.35 Bands+¢;,i=1,... ,N,N+1,... ,N+6,
where e=(e1, ... ,en+6) is MVN(O, (22.68)21).

3] ”NA” indicates the fumula of m.s.p.e. of Y., msn 15 not extractable.
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Figure 8.4: 1,000 predictions of Tha from 1,000 generated realizations of model
7.1 Yat 6 non-sampled plots
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(b) the Tha predictions using model 7.1 at 6 non-sampled plots
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(c) the Tha predictions using MSN at 6 non-sampled plots

1] The generated model : Y; = 86.31411.05 Asps—0.35 Banda+¢;,i =1,... ,N,N+1,... , N+6,
where e=(e1, ... ,en+6) Is MVN(0, (22.68)% ).

2] Six non-sample plot locations are depicted in Figure 5.4.
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Table 8.3: Comparison of predictors ?so,srm and }ZO,msn at 6 non-sampled plots1J
based on 1,000 Tha realization from spatial regression model 7.6

plot }/}so, srm 17;0 msn | 09 o som OF pomsn
1 | mean | 42.58 55.98 19.01 NA
s.e 5.61 22.19 1.81 NA

2 | mean | 59.99 54.76 19.00 NA
s.e 1.00 22.16 1.81 NA

3 | mean | 35.97 40.57 18.99 NA
s.e 0.82 22.04 1.81 NA

4 | mean 31.76 48.96 19.00 NA
s.e 4.79 22.24 1.81 NA

5 | mean | 25.93 27.78 19.00 NA
s.e 1.02 22.07 1.81 NA

6 | mean | 49.01 46.43 19.00 NA
s.e 2.27 23.13 1.81 NA

(a). The means and s.e.’s of 1,000 estimates Yy, srm, Yo, men, and &?m’srm in

Eqn. (8.13)
plot rm.(YSO, orm)  Tms.e.(Ys,  msn)
1 22.94 29.27
2 19.15 28.03
3 18.53 27.36
4 26.04 28.40
5 18.00 28.13
6 20.66 25.27

e 1,000/
(b). e ) = /e Sh T v = Vo)

where Y;),NM’ i = 1,...,6 denote the prediction at non-sampled plot ¢ using
the MSN predictions and the SRM predictions based on the generated values at
sampled plots, 1,... , N = 312 from the b** generated realization of size (N + 6),
and ng ~4i denotes the b** generated values at non-sampled plot 1.

1] Six non-sample plot locations are depicted in Figure 5.4.

2] The generated model : Y; = 86.31+11.05 Asps—0.35Bandy+d;,i = 1,... ,N,N+1,... , N+6,
where §=(8y,...,6n46) is MVN(0, (22.68)°T), and T = B'B = (exp(—0.0016d9j87))£v;61 3]
?NA” indicates the fumula of m.s.p.e. of }A’Solm‘m 1s not extractable. y
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Figure 8.5: 1,000 predictions of Tba from 1,000 generated realizations of model
7.6 Uat 6 non-sampled plots !
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(a) the simulated data at 6 non-sampled plots
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(b) the Tha predictions using model 7.6 at 6 non-sampled plots
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(c) the Tba predictions using MSN at 6 non-sampled plots

LI The generated model : Y; = 86.31+11.05 Asps—0.35 Band4+4;,i=1,... ,N,N+1,...,N+6,
where §=(4, ... ,6n16) is MVN(0, 52T").

2] Six non-sample plot locations are depicted in Figure 5.4.
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Figure 8.6: Sample correlations and the fitted exponential function for the resid-
uals from Lt data of "Phase II” Model 7.6
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(1) Pij((s) = exp(—ﬁdfj), 0,k >0,
(2) pij(8) = (1+6d3;)"), 0,k > 0.
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Table 8.4: The Lt predictions at the selected 6 non-sampled plot locations from

1,000 bootstrapped samples

Average of 1,000 Bootstrapped Estimates
Plug-in Simple Semiparametric
Estimates!/ Bootstrap Bootstrap
plOt Y:so ,glm Yso, srm Yso,glm 50, 8TM Yso,glm 30, STm

1 311.12 310.64 310.58 319.21 311.96 311.11
(21.15) (24.03) | (24.45) (0.53)

2 325.47 331.70 325.31 332.90 326.35 333.78
(17.99) (12.43) | (21.00) (1.89)

3 447.76 438.15 450.80 436.10 448.89 436.54
(35.22) (22.07) | (30.15) (1.60)

4 372.51 368.64 373.58 370.41 373.48 368.90
(16.08) (3.55) | (15.46) (0.23)

5 469.90 460.12 473.51 454.30 471.07 456.74
(42.24) (30.26) | (36.59) (3.12)

6 388.00 356.07 389.48 375.18 389.01 352.42
(18.75) (16.68) | (16.65) (4.17)

Plug-in Simple Semiparametric
Estimates'| Bootstrap Bootstrap

plot 8Y, p,glm 8Y, D, Srm 8Y, p,glm aY, D, srm 8Y, p,glm EY, p,srm
1 265.83 258.52 265.59 257.15 265.62 262.53
(13.38) (19.35) | (13.42) 0.66

2 265.56 258.14 265.31 256.94 265.35 262.10
(13.37) (19.14) | (13.40) 0.66

3 266.47 258.62 266.23 257.54 266.26 262.55
(13.39) (19.48) | (13.45) 0.67

4 265.22 257.74 264.98 256.47 265.02 261.71
(13.35) (19.37) | (13.39) 0.66

5 267.25 259.87 267.01 258.50 267.04 263.84
(13.43) (19.45) | (13.49) 0.67

6 265.30 258.25 265.05 256.63 265.09 262.19
(13.35) (19.45) | (13.39) 0.68

1] The plug-in estimates for OY,p, gim and Oy, p srm are calculated by plugging the N observations
into the Eqns. (8.6) and (8. 13) and the estimated a; based on the N observations. Also, the

sample standard deviations of Yso glm, Yso srm> 0Y,p, glm, and Oy, p srm are listed in parentheses.
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Table 8.5: Comparison of predictors 207g1m and ?so,msn at 6 non-sampled plotsIJ
based on 1,000 Lt realization from general linear model 7.1%

PlOt )/;o,glm }/;o,msn &?,p,glm a-)/},p,msn
1 | mean | 310.64 308.73 | 265.68 NA?
s.e. 22.97  264.89 10.52 NA

2 | mean | 324.97 331.80 265.41 NA
s.e. 19.77  261.63 16.50 NA

3 mean | 447.06  445.80 266.32 NA
s.e. 29.00 252.01 10.54 NA

4 | mean | 371.93 360.83 265.07 NA
s.e. 14.91 272.19 10.49 NA

5 mean | 469.15 463.04 267.10 NA
s.e. 35.08 256.54 10.57 NA

6 | mean | 387.39 377.78 265.15 NA
s.e. 16.13  262.15 10.49 NA

(a). The means and s.e.’s of 1,000 estimates Yy, yim, Yo, msn, and &?,p,glm

in
Fqn. (8.6)
plot | rm.se(Ysy, gim) rm.s.e.(Ys, msn)

1 265.88 374.72

2 261.49 369.76

3 262.28 367.33

4 270.66 380.46

5 260.37 356.57

6 278.88 382.90

(b)) = /s SV s = Y s)?

where }A/pb’N_I_i, i = 1,...,6 denote the prediction at non-sampled plot ¢ using
the MSN predictions and the GLM predictions based on the generated values at
sampled plots, 1,... , N = 312 from the b** generated realization of size (N + 6),

and Y,y denotes the bt" generated values at non-sampled plot .

1} Six non-sample plot locations are depicted in Figure 5.4.
2l The generated model : Y; = 184.37+37.63 Ratio; +¢&;,:=1,... ,N,N+1,..., N +6, where
e=(c1, ... ense) is MVN(O, (265.64)2T).

3] "NA” indicates the fumula of m.s.p.e. of ?smmsn is not extractable.
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Figure 8.7: 1,000 predictions of Lt from 1,000 generated

Uat 6 non-sampled plots 2!
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(c) the Lt predictions using MSN at 6 non-sampled plots

1] The generated model : Y; = 184.37+ 37.63 Ratioy +¢;,i=1,... ,N,N+1,..., N +6, where

.., Enys) is MVN(O, (265.64)%1).
2| Six non-sample plot locations are depicted in Figure
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Table 8.6: Comparison of predictors }ZO,s,m and ?so,msn at 6 non-sampled plots1J
based on 1,000 Lt realization from spatial regression model 7.6%

plot Yio,orm  Yig,men a-?,p,srm A?,p,msn
1 | mean | 317.40 304.79 | 252.85 NA3
s.e. 17.20  289.36 13.48 NA

2 | mean | 334.44 325.18 | 252.71 NA
s.e. 11.54  262.48 13.47 NA

3 | mean | 435.37 429.71 | 252.60 NA
s.e. 17.56  250.76 13.45 NA

4 mean | 370.35 381.46 252.75 NA
s.e. 2.72  261.02 13.46 NA

5 | mean | 452.75 413.16 | 252.80 NA
s.€. 25.27  264.87 13.48 NA

6 | mean | 368.21 410.84 | 252.85 NA
s.e. 19.81 271.81 13.50 NA

(a). The means and s.e.’s of 1,000 estimates Yy srm, Yso,msn, and &}A,mwm in

Eqn. (8.13)
plot | rim.s.e.(Yey, srm) r-m.s.e.(Ys, msn)
1 256.46 372.08
2 252.22 369.85
3 252.65 343.94
4 261.91 370.49
5 252.51 365.91
6 271.99 375.62

. 1,000,
(b).rim.se(Y;) = \/Téoa vor (Yo v = Yo ngi)?

where }A/pb,NH, 1 = 1,...,6 denote the prediction at non-sampled plot ¢ using
the MSN predictions and the SRM predictions based on the generated values at
sampled plots, 1,... , N = 312 from the b"* generated realization of size (N + 6),

and Y;b ~n4: denotes the b** generated values at non-sampled plot <.

1] Six non-sample plot locations are depicted in Figure 5.4.
2] The generated model : Y; = 184.37+ 37.63Ratio; +6;,i=1,... ,N,N4+1,... , N +6, where
8=(61,...,dw4s) is MVN(0, (265.64)° T), and I = B'B=(cap(~1.3173d5%°%))F

3] ”NA” indicates the fumula of m.s.p.e. of ?su,mm 1s not extractable.

=1
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Figure 8.8: 1,000 predictions of Lt from 1,000 generated realizations of model 7.6
Uat 6 non-sampled plots 2!
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(a) the simulated data at 6 non-sampled plots
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(c) the Lt predictions using MSN at 6 non-sampled plots

1] The generated model : Y; = 184.37+ 37.63 Ratioy+6;,1=1,... ,N,N+1,...,N +6, where
6=(4,... ,0ny6) is MVN(O, &2T).

2] Six non-sample plots are depicted in Figure 5.4.
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Figure 8.9: Sample correlations and the fitted exponential function for the resid-

uals from M data of ”Phase 1I” Model 7.6/
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Table 8.7: The M predictions at the selected 6 non-sampled plot locations from

1,000 bootstrapped samples

Average of 1,000 Bootstrapped Estimates
Plug-in Simple Semiparametric
Estimates®] Bootstrap Bootstrap
plOt Yso, glm Yso, srm Yso,glm Yso, srm Yso,glm Yso, srm
1 95.35 53.43 95.45 90.30 95.42 53.93
(12.71) (11.18) (9.32) (4.95)
2 75.67 70.26 75.91 75.35 75.66 70.95
(5.82) (0.96) (5.92) (1.40)
3 37.96 43.55 37.63 39.10 37.61 44.92
(7.78) (2.93) (8.47) (0.36)
4 83.05 52.31 82.90 77.63 82.89 51.61
(11.44) (9.35) (9.23) (2.27)
) 28.02 45.87 27.59 33.43 27.76 47.94
(11.32) (8.07) | (10.18) (0.47)
6 85.48 126.97 85.42 88.80 85.46 123.68
(8.55) (8.14) (8.01) (6.93)
Plug-in Simple Semiparametric
Estimates!] Bootstrap Bootstrap
plOt a'\Y, p,glm aY, D, sTM a'\Y, p,glm aY, P, srm 8Y, p,g9lm a'\Y, p,srm
1 65.09 53.90 64.11 61.89 64.15 55.76
(6.45) (7.36) (6.47) (2.35)
2 64.68 54.07 63.71 61.54 63.76 55.91
(6.41) (7.27) (6.43) (2.24)
3 64.98 53.63 64.02 61.71 64.05 55.46
(6.45) (7.37) (6.46) (2.37)
4 65.03 53.52 64.06 61.77 64.10 55.37
(6.45) (7.39) (6.47) (2.38)
5 65.25 54.08 64.28 62.04 64.32 55.93
(6.47) (7.38) (6.49) (2.33)
6 64.91 53.19 63.94 61.63 63.98 55.03
(6.44) (7.40) (6.45) (2.40)

1 The plug-in estimates for Ey}p, glm and ﬁy,p’s,m are calculated by plugging the N observations
into the Eqns. (8.6) and (8.13) and the estimated a; based on the N observations. Also, the

sample standard deviations of Yy, gim, Yso, srm, 0v,p, gim, and Gy p srm are listed in parentheses.
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Figure 8.10: 1,000 bootstrapping predictions of M from model 7.1 at 6 non-sample
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b) using the semiparametric bootstrap method
g p

1] Six non-sarple plot locations are depicted in Figure 5.4
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Figure 8.11: 1,000 bootstrapping predictions of M from model 7.6 at 6 non-sample
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(b) using the semiparametric bootstrap method

1] Six non-sample plot locations are depicted in Figure 5.4
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Table 8.8: Comparison of predictors ﬁo:glm and }A/so,msn at 6 non-sampled plots1J
based on 1,000 M realization from general linear model 7.1%

PlOt Y:so,glm }/so,msn a-?,p,glm &?Ypy msn
1 | mean | 95.35 95.50 65.04 NA3
s.e. 8.96 66.17 2.58 NA

2 | mean | 75.74 75.55 64.64 NA
s.e. 5.51 63.99 2.57 NA

3 |mean | 37.86 51.32 64.94 NA
s.e. 8.30 63.05 2.58 NA

4 | mean | 82.89 76.16 64.98 NA
s.e. 8.67 65.31 2.58 NA

5 | mean | 28.09 33.77 65.21 NA
s.e. 9.93 67.13 2.59 NA

6 | mean | 83.65 97.28 64.86 NA
s.e. 7.90 65.95 2.58 NA

(a). The means and s.e.’s of 1,000 estimates Yso,gim> Ysg,msn, and &?%glm in

Eqn. (8.6)
plot | rim.se(Ysy, yim) r.se.(Ysy msn)
1 65.78 92.21
2 63.92 90.11
3 64.43 88.51
4 66.63 92.29
5 63.96 92.88
6 68.53 94.27
e ¢ 7 ]., C,
(b)rmse (V) = \/ 1ss StV s = Vo )’
where Y;N_I_i, i = 1,...,6 denote the prediction at non-sampled plot ¢ using
the MSN predictions and the GLM predictions based on the generated values at
sampled plots, 1,... , N = 312 from the b** generated realization of size (N + 6),

and ng n4i denotes the b*" generated values at non-sampled plot s.
1} Six non-sample plot locations are depicted in Figure 5.4.
2] The generated model : Y; = 100.37 + 0.08 Elev — 1.87, Band; + —7.26 Ratio; + &;, i =

1,...,NN+1,...,N +6, where e=(e1,...,en+6) is MVN(O, (64.97)21).
3] ”NA” indicates the fumula of m.s.p.e. of ?307 msn 18 not extractable.
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Figure 8.12: 1,000 predictions of M from 1,000 generated realizations of model 7.1
Uat 6 non-sampled plots
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(a) the simulated data at 6 non-sampled plots
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(b) the M predictions using model 7.1 at 6 non-sampled plots
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(c) the M predictions using MSN at 6 non-sampled plots

1) The generated model : Y; = 100.37 + 0.08 Elev — 1.87, Band; + —7.26 Ratio; -+ €, 1 =
1L,...,N,N+1,...,N +6, where e=(¢g1,...,en16) Is MVN(0, (64.97)?T).

2] Six non-sample plot locations are depicted in Figure 5.4.
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Table 8.9: Comparison of predictors ?so,srm and S;;o,msn at 6 non-sampled plotsIJ
based on 1,000 M realization from spatial regression model 7.6%

plOt 20, srm }/;so , Mmsn a-)?’p’ srm OA-)?’ p,msn
1 | mean| 80.31 101.47 60.30 NA3
s.e. 13.50  64.07 4.39 NA

2 |mean | 74.75  76.89 60.26 NA
s.e. 1.73  68.56 4.38 NA

3 | mean | 41.21  44.94 60.23 NA
s.e. 2.76  62.22 4.38 NA

4 | mean| 68.02 70.84 60.28 NA
s.e. 9.75  65.20 4.38 NA

5 | mean | 41.99  41.07 60.28 NA
s.e. 6.93  63.15 4.38 NA

6 | mean| 95.80  83.40 60.29 NA
s.e. 12.52  66.72 4.40 NA

(a). The means and s.e.’s of 1,000 estimates Y; srm, Yso,men, and &?’pwm in

Eqn. (8.13)
plot | rim.se.(Ysy, srm) rim.se.(Ysy msn)
1 56.20 82.29
2 52.07 87.20
3 51.91 77.97
4 56.89 85.33
) 54.26 82.00
6 57.96 81.69

A 1,000, ¢
(b).rim.se(Y;) = \/I‘clﬁ por (Yo vai = Yo ngs)?

where f/;”NH, i = 1,...,6 denote the prediction at non-sampled plot : using
the MSN predictions and the SRM predictions based on the generated values at
sampled plots, 1,..., N = 312 from the b'" generated realization of size (N + 6),
and Y; ~N4: denotes the b‘" generated values at non-sampled plot i.

1] Six non-sample plot locations are depicted in Figure 5.4.

2l The generated model : Y; = 100.37 4 0.08 Elev — 1.87, Band; + —7.26 Ratio; + ¢;, ¢ =
1,...,N,N +1,...,N + 6, where e=(c1,... ,en46) is MVN(0,62T), and I' = B'B =
(e:m'p(—O.0003612-1]:14))N+6

3} ”NA” indicates the fumula of m.s.p.e. of ?so’mm is not extractable.

i,j=1
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Figure 8.13: 1,000 predictions of from 1,000 generated M realizations of model 7.6
Uat 6 non-sampled plots
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(c) the M predictions using MSN at 6 non-sampled plots
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1] The generated model : V; = 86.31+11.05 Asps—0.35 Bandy+d;, i =1,... ,N,N+1,... , N+6,
where §=(6, ... ,dn46) is MVN(0, o2T).

2] Six non-sample plot locations are depicted in Figure 5.4.
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9. CONCLUSIONS AND FURTHER RESEARCH

We selected the response variables M, My, Lt, Lt,, Tha, and Tbha, for this
study because of their economic and ecological importance. This chapter starts
with a summary of the methods described in Chapters 4-8 and then makes specific
conclusions regarding those methods. Lastly, some further research is suggested.

The overall results are likely to be quite disappointing to practitioners of small
area estimation in forestry science. There is little spatial dependence among the
response variables at the 1.7-mile grid scale and consequently such dependence
is of little use in making predictions at non-sampled plots. Also, there is little
useful correlation between our response variables and the many available auxiliary
variables, including those from satellite imagery. Auxiliary data contributed little
to improving predictions in our study. A need for models that are capable of
accommodating a significant number of zeros in some of our response variables
was recognized and such models were introduced; but they too were unable to
improve predictions. On the positive side, at the subplot scale of the data, there

was sufficient spatial dependence to be useful in reducing prediction errors.

9.1 Discussion

As mentioned in Chapter 1, the making of predictions is one of the objectives
for this study. In the following subsections, we will discuss the prediction rules

used in this thesis.
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9.1.1 Predictions at unobserved plot locations

There are two types of plots we desire to predict for: one is for unobserved
or non-sampled plots on the 1.7-mile grid and the other is for non-sampled plots
on the 0.85-mile grid.

For predictions, there are three types of predictors in this paper:

1. predict with the sample mean Y,
2. predict with linear combinations of neighboring observations,

3. predict with non-linear combinations of neighboring observations, naming

back-transformation predictions.

Type 2 above can be predictions based on models with or without auxiliary in-
formation.

Chapter 4 introduced models with different correlation schemes based on
lattice data with or without holes. Such non-distance related models based on
the 1.7-mile plot data don’t allow for prediction of the response variable for non-
sampled plots on the 0.85-mile grid. They can only make predictions for individual
non-sampled plots on the 1.7-mile grid. All responses are clearly nonnormal ex-
cept possibly for Tha. Appropriate transformations to normality are sometimes
plausible and are considered, but with many zeros transformations to normality
are not possible. Models that accommodate the many zeros are introduced in
Chapter 6.

In Chapter 5, linear combinations of the observations and distance-based
correlation functions were used to study predictions. Only correlation functions
that were positive and decreased with increasing distance were studied. The direct
predictor }730 (see Eqn. 5.20) is based on fitting a specific function to the sample
correlations. The direct predictor 1750 doesn’t assume that Y'(.) follows a Gaussian

process.
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Since most of our data are not normally distributed, several transformations
to normality were tried. The 3-parameter lognormal transformation worked rea-
sonably well for mortality (M), number of live trees (Lt), and total basal area
(Tba) data. We fit distance-related autocorrelation functions to the untrans-
formed data (the Y scale) and the transformed data (the Z scale). For correlation
function fitting, we consider the direct fitting to the Y scale and indirect fitting to
the Z scale. Then the predictions for non-sampled plots can be obtained by the
predictions based on the Y scale or back-transforming the predictions based on the
7Z scale. The predictor is no longer a linear prediction after back-transformations
on the Z scale. Back-transformation type prediction requires specification of the
function that does the transforming.

For plot data, we used 1-fold cross validation for 33 plots that had all 8
first and second order neighbors using the predictors described. These predictions
were compared to the one using the sample mean of the remaining (N — 1) = 311
observations to predict the individual response at the withheld plot. Among
the predictors, direct, indirect, ”plain” back-transformed, "approximately” unbi-
ased back-transformed, and "unbiased” back-transformed predictors, the smallest
prediction error belonged to the direct predictor, }750. But there is only slight
improvement in the overall estimated RMSEs using those predictors over using
just the sample mean as the predictor. Those predictioﬁs don’t work well because
there is essentially weak or no spatial dependence at the scale of the data. We
also used the prediction rules to evaluate model selection for subplot based data
and then the estimated cross-validated RMSEs using the predictors in this chap-
ter were much small than the one using the sample mean. The conclusion is that
plots need to be sampled at much shorter distance than 1.7 mile or even shorter
than 0.85 mile to have useful spatial information. Maybe subplots should be used

as primary sampling units instead of the plots currently used for the Current Veg-
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etation Survey (CVS) in the Siuslaw Forest. And there is no need to sample all
five of the subplots in each plot to get useful spatial information. A more efficient
way than the current grid sampling strategy to get useful spatial information is to
sample some proportion of the plots on shorter grid distance than sampling most
of the plots on the 1.7 mile grid. An alternative technique for data collection is to
sample 3 subplots out of 5 subplots in each plot on a shorter grid such as 0.85 mile
or 0.44 mile. In so doing, we can sample a number of subplots on the 0.85-mile
grid system and get much more useful spatial information that is needed.

The back-transformation approach leads to an increase in mean squared pre-
diction error (m.s.p.e.) of prediction with or without bias correction; especially for
a process with large variance. Since there is no model assumption for the direct
predictor 1730, it is unnecessary to make transformations. For prediction purposes,
the simple predictor }N/so is suggested. For illustration, we used the predictor to
get predictions at 6 selected non-sampled plots on the 0.85-mile grid. The results
for each plot appear similar for Tha and Lt data, but quite different for M data.
The M predictions ranged from 14.16 to 136.13 by the direct predictor )750.

Another goal of this study is to determine reliable approaches for error es-
timation in the predictions obtained by the methods above. We will discuss the

bootstrap methods used to achieve it in the following subsection.
9.1.2 Prediction error estimation for an individual plot prediction

Prediction error estimation for individual plot prediction is categorized as

follows:

(1) If there is an closed form for the prediction error of an individual prediction,

and
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(a) if the model is correctly specified and there exists strong spatial de-
pendence among the data, the semiparametric bootstrap method is

suggested, or,

(b) if not, the simple bootstrap method will be ok and it is not as time-

consuming as the semiparametric bootstrap method.

(2) If there is no closed form for the prediction error of an individual prediction,
conduct an appropriate simulation which can mimic the realization of the

observed data and then estimate the prediction error by the estimator

1,000

— A1 1 O
rim.se(Y)) = 1000 Z(Y;NH - ng,N-(-z')Q

b=1

where Y;” n4i denote the prediction at non-sampled plot 4, 7 = 1,... , N,
N’ is the number of future plots we would like to predict, using those three
prediction rules based on the generated values at sampled plots, 1,... , N
from the b generated realization of size (N 4+ N’), and Y, denotes the

b** generated values at non-sampled plot 1.

There is an closed form for prediction error of the predictor 37;0. Due to
weak spatial dependence for the plot based data, there is not much difference
between the bootstrapped mean squared prediction errors of prediction at the 6
non-sampled plots from simple bootstrapping and semiparametric bootstrapping.

To deal with lots of zero outcomes as in the seedlings data, in Chapter 6 spa-
tial zero-inflated models that accommodate spatial dependence were proposed. We
considered a spatial zero-inflated Poisson (SZIP) model and a spatial zero-inflated
Negative Binomial (SZINB) model for discrete data; and a spatial zero-inflated
Exponential (SZIE) model and spatial zero-inflated Gamma (SZIG) model for

data that can be considered continuous except for the zero values. The prediction
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rules described in this chapter can only make predictions for plots on the 1.7 mile
grid; in other words, they can only make extrapolations for plots on the 1.7 mile
grid in the area in the neighborhood of the Siuslaw National Forest. They don’t
allow predictions for plots on more intensive grids.

In Chapter 7, we discussed the following procedures to incorporate the aux-
iliary data: (1) general linear model, (2) spatial regression model with u=X g3
where X is an N x (k + 1) matrix and 3 is a (k + 1)-dimensional vector of regres-
sion parameters, (3) spatial models with similar neighbors which is defined by the
similarity function formed by the auxiliary data. We don’t get much improvement
in the estimated cross-validated RMSEs by adding the auxiliary information to
our models over the simple spatial models we used in Chapter 4; for M data, 62.19
vs. 62.61; for Lt data, 240.19 vs. 242.08; for Tha data, it is even worse, 21.92 vs.
19.65. In Chapter 8 we used the predictor based on the models introduced in this
chapter to make predictions for 6 selected plots on the 0.85 mile grid. The predic-
tion interval at level « is constructed for individual plot prediction at a plot on
the 0.85 mile grid (or an even more intensive grid). There is no closed form for the
prediction error for prediction using the MSN procedure, so several simulations
designed to yield realizations similar to Tha, Lt, and M data were conducted. The
rﬂe.(f/}f)’s for MSN inference are much larger than the general linear model,
Model 7.1, and the spatial regression model, Model 7.6. That is because the MSN
procedure constrains the predictions by maximum and minimum data values; and
Models 7.1 and 7.6 don’t.

The reason we use ancillary data such as aspect, elevation, slope, and TM
bands is because such data is available for non-sampled plots and non-sampled
subplots and for prediction purpose we need to use the information available
for non-sampled plots. With limitation of auxiliary information to non-sampled

plots, the topographic data such as aspect, elevation, and slope, doesn’t contain
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available information to make predictions for individual response at non-sampled
plots. The TM band data only helps a little bit.

Chapter 8 compared the predictions based general linear models(GLM), spa-
tial regression models (SRM), and the most similar neighbor (MSN) procedure.
Distance-related correlation functions and auxiliary information were included in
spatial regression model. Such models did not reduce estimated overall RMSEs,
but did reduce m.s.p.e. of the prediction errors for individual plots. Kmsrm is the
best predictor when there exists significant spatial dependence among the data
based on the smallest mean-squared prediction error (m.s.p.e.). Hence an appro-
priate model selection criterion is needed for the purpose of individual predictions
based on spatial models. Compared to the predictors in Chapter 5, the plug-in
m.s.p.e.s of }A/soysrm are smaller than those of the predictors in Chapter 5 (338 vs.
587).

9.2 Conclusions

(1) for plot based data the predictions described in Chapter 5 do not work well
even if the model is correctly specified. The predictions based on plot data
don’t work well because adjacent plots contain little or no information (i.e.
there is essentially no spatial dependence at the plot scale of the data).
Sufficient spatial dependence at the subplot level was found to be useful in

predictions.

(2) Compared to the results from Chapter 5, we note that for Tha (which has
a low percentage of zcro outcomes) the estimated MSE based on the best
predictor, 400.15 is much smaller than the smallest one in Chapter 5, 578.65.
The estimated RMSEs of Lts, M;, and Tba, using the prediction rules from
SZI models are not much improved over just using the sample mean. Since

there are a high percentage of zeros in seedlings data, the sample sizes we
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had were too small to obtain decent estimates of the parameters in the
SZI models. The directional mean schemes we considered for spatial zero-
inflated models are constant mean based 1.7-mile grid data. They only can
predict the non-sampled plots or missing plots on the 1.7-mile grid, and not

allow for the predictions at non-sampled plots on the 0.85-mile grid.

(3) In this thesis, we derived the prediction errors for back-transformed prediction
and also conducted several simulations to see the reliability of prediction
errors. For a process with large variance, the prediction errors for ”plain”
back-transformed and "unbiased” back-transformed work well, but the one
for 7approximately” unbiased back-transformed predictions are way off from

the prediction errors we got from simulations.

(4) The predictions using the models adding the auxiliary information into the
models discussed in Chapter 4 didn’t improve the RMSE much. The pre-
dictions via spatial regression models with distance-related correlation did
reduce mean-squared prediction errors for individual plots. Auxiliary in-
formation can useful if the model is specified correctly, e.g. considering
the combination of the neighboring observation related to distance-related

correlation functions.

Main contributions of this study are: (1) we derived the predictions errors
for predictions based on transformed and non-transformed data for non-sampled
locations using only field sample plot or subplot information, (2) derived the
prediction errors for predictions based on spatial multivariate regression models
with distance-related correlation functions, (3) used spatial zero-inflated models
to handle the numerous zeros in the data, (4) compared the normal approximate

and bootstrap-t prediction intervals for the predictors with coefficients based on
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distance-related correlation functions with and without auxiliary information, and
(5) provided reliable bootstrap methods for different situations.

After exploring many models, we found that for prediction purposes, a simple
model that assumes a a spatial correlation structure without any distributional
assumptions worked as well as any other. The specific spatial correlation struc-
ture was selected by minimizing an overall mean squared error. Our recommended
predictor is a linear combination of measurement at neighboring sites. The co-
efficients in the linear combinations are functions of the estimated neighboring
correlations. These simple predictors have an analytical formula for the predic-
tion errors and these too can be estimated using the estimated correlations. These
predictors work for any of the response variables Tha, Lt, and M.

We did find that certain auxiliary data was useful in reducing prediction
errors for Tha. To give some idea as to the size, of the errors involved for this
variable we illustrate with the results of our study of predicting the value at each
of six sites on the 0.85-mile grid. One would be predicting a value over a range
of about twenty to about sixty. If the sample mean was used as a predictor and
independence among sites assumed, the prediction error formula is [6%(1 4+ )],
which is estimated to be 24.38. Thekestimated prediction errors using our simple
predictors at the six sites are, respectively, 24.23, 24.22) 24.21, 24.24, 24.11, and
24.12, which indicate little improvement over the nominal 24.38. On the other
hand, the corresponding estimated prediction errors for the same six sites, when
one incorporates aspect and band 4 (representing active vegetation) as auxiliary
variables, are, respectively, 18.54, 18.64, 18.53, 18.47, 18.59 and 18.44, which
represents a nearly twenty-five percent improvement.

For Lt one would predict a value between above three hundred and five hun-

dred. The nominal [6%(1 + )] = 269.76. Our respective estimated prediction
errors at the six sites are 264.81, 264.56, 264.52, 264.70, 264.53 and 264.55 with-
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out auxiliary data, and 258.52, 258.14, 258.62, 257.74, 259.87 and 258.25 with
auxiliary data. The overall reduction in prediction errors is less than five percent.

For M one would predict a value between about forty and a hundred and
thirty. The nominal estimated prediction errors range from 52.71 to 52.76 without
auxiliary data. The estimated prediction errors using auxiliary data ranged from

53.19 to 54.08., so for M, auxiliary data provides no improvement in prediction.

9.3 Future Research

This dissertation has revealed many more questions that could direct fu-
ture work. Reliable model selection criterion is a fertile area for spatial models.
Bayesian inference is widely used in spatial models to capture the uncertainty of

the spatial dependence parameters and could be further investigated.
9.3.1 Spatial model cross-validation

McQuarrie and Tsal (1998, p.255-256) introduced univariate autoregressive
cross-validation. They pointed out a key assumption of standard cross-validation
is that the observation withheld is independent of the remaining (N — 1) obser-
vations. This assumption will fail for an AR(p) model. Hence, they proposed a
univariate autoregressive cross-validation. In the AR(p), they assume that there
exists a constant { such that y; and y; are approximately independent for | i—j |> .
The univariate autoregressive cross-validation could withhold +[ additional ob-
servations around the observation withheld, i.e. when withholding y; we should
withhold the block ys—1,. .., Yty -, Yyl

We could explore spatial model cross-validation by the following procedure;
that is withholding the observation y;, plus additional observations falling within
neighborhood Nj(¢), where N,(2) is the set of the distance for all observations

y; smaller than the neighborhood distance h. FEach time, we only using the
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remaining N— | Nj(i) | —1 observations to estimate the parameters in the model.
Then predict the withheld observation by the prediction rule. The procedure is

repeated until we obtain the predictions for all N observation values.
9.3.2 Spatial zero-inflated (SZI) regression models

As mentioned in Chapter 6, a better parameter estimation method is needed
for spatial zero-inflated (ZI) models. It should be worth while to examine max-
imum likelihood estimation for spatial ZI models. We also pointed out that the
prediction rules described in Chapter 6 for spatial zero-inflated (SZI) models don’t
allow for predictions at plots on the 0.85 mile grid or on a more intensive grid.
And hence, an alternative approach for prediction using SZI models is needed;
possibly assuming a distance-related mean function.

Another issue about SZI models arose in Chapter 7 and that is to bring the
auxiliary information into the parameter structure of SZI models, like Lambert
(1992) did for zero-inflated models. A spatial zero-inflated regression model is
more complicated than a zero-inflated regression model due to spatial dependence.
But it is a fertile area in economical and medical problems since the phenomenon
of zero-inflation happens for various reasons in those fields. Winkelmann (2000)
discussed some other kind of inflated models, including one-inflated, and zero-and-
one inflated models. Spatial one-inflated models and spatial zero-and-one inflated

models are candidates for future work.
9.3.3 Spatial models with location perturbations

Initially we had hoped to study spatial models with location perturbations,
but this requires data not currently available on location errors. In the following
subsection, the concept of perturbation models and tentative results are discussed.

The experimenter hoped to observe {Y(s, ;,)} intending to make inferences

regarding some model for the process {Y(Sl 52) 1> but observes the process { Xg(s, s,)}
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at location {S(sy,s2)} instead of (sy,s2). A simple location perturbation model

could be the following: define {S(s1,32)} by

PSRy

S1 + 1752 w.p. 1 — 2

{5(81,82)} = (81,82 + 1) W.i. 2(1 _ i)/g
(st 1,8541) w.p. (%ﬂ 2

where 0 < p < 1. For example, assuming that p is 1/2, X1 1) is ¥(1,1) with proba-
bility 1/4, X1,1y=Y{0,1) or Y{z,1) with probability 1/8 (each horizontal directional
shift), and X(; 1y=Y(10) or Y(12) with probability 1/8 (each vertical directional
shift), and X1, 11=Y(00), Y{0,2)» Y(2,0)» Or Y(2,2) with probability 1/16 (each four
corner directional shifts). Then the observed X(; 1) is the desired Y{; ;) only 25 %
of the time. The question is,what loss in efficiency in estimating the parameters
of the {Y{;, s,)} results from observing the estimated {X(,, ,)} process?

Possible delineations of perturbation models for {5(s1,s2)} are

(i) S(s1,52) = (s1,$2) + "noise” where "noise” is referred to as Z = (Z,(s), Z»(s)),

s = (81,82)-
(ii) construct {S(s1,$2)} as a random field.
Possible constraining properties that {5(s1,$2)} might possess are:
L. £[S(s1,82)] = (s1,82) =5,

2. stationary increments; that is, the distribution of S(t + h) — S(t) depends

on h.
9.3.4 Bayesian framework for Phase 1 model

This section outlines some Bayesian type ideas compatible with models we
used. In the Bayesian approach, the populations parameters @ are assumed to

have a probability distribution and the information from the observed data is
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used to modify a prior distribution for the parameters into a posterior probability

distribution by Bayes Theorem.

ply | ©)r(O) .
® = if p(y)# 0.
p(® | y) (9 (y)#
The Phase I model was defined as
Y = p + Be, (See (4.1))

where Y = (Yi,...,Yy), p=(p1,... ,pun), € ~ MVN(0, o2 I). Therefore, Y ~
MVN(p, 0 I'). Assume that y is the observation vector of Y. Thus the likelihood

function of y is
- 1
Ly | pyotpisi=1,...,4) = (2ra?)™ V2| T| YVieap -g(’y —pl)T™(y — p1)

where T'= I+ py H+ po V 4 p3 CO 4 p, C?),
Application of Bayesian methods require the postulation of prior distributions

discussed next.
9.3.4.1 Prior distributions

Prior distributions could be derived from earlier empirical work or from the
opinions of subject-area experts. Such prior specification is called informative
prior. In many studies, we wish to endow the prior distribution with little in-
formative content. This can be achieved by the employment of a "diffuse’ or
"noninformative” prior distribution for ®@. We could try several classes of priors
including informative and noninformative prior distribution.

In determining a class of priors, we could assume that spatial dependence
parameters p=(py, ..., pi) are independent of the parameter, u, and the residual

variance, o2, so that the prior densities satisfy

7T(,U,,O'2,p1, cee 7Pk) = ﬂ-(/’b I Uz)w(az)ﬂ(plv <. 7!019)
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i.e. (u,0) is independent of p=(py,... , k).

For Lt data, one could deal with the model we selected in the chapter 4,
i.e. k=2, including informative and noninformative prior distributions. One could
deal with the following three sets of priors: (1) m(u | ¢?), 7(log(a)), and 7(py, p2)
are independently and uniform distributed, (2) n(u | ¢%) ~ N(po,0?), m(c?) ~
1G(a,b), and 7(p1, pa) ~ uniform(—1,1), and (3) n(p | 0%) ~ lognorm(ug, ?).

Once prior distributions are given, we can derive posterior distributions.
9.3.4.2 Posterior distributions

For the Phase I model, the posterior distribution of ® given the data y is

p(® i y) = p(uvaaplapZ | y)

o< ply | p, 0,01, p2)7 (1 | o*)m(a)m(p1, p2) (9.1)

The Bayesian predictive distribution for y; at non-sampled plot location, p(y; | y),

is given by

Py |y) = / p(y; | ©)p(© | ¥)d®,
o /p(yj | 11,0, p1, p2)m (1 | o) (0?)m(p1, p2). (9.2)

where I'= I+ p; H+p, V. The posterior distribution is analytically intractable due
to the parametrization of I' and the normalizing constant in the prior distribution.

Since the posterior distribution is analytically intractable, we could not eas-
ily obtain maximum posterior estimates of these parameters. We could however
approximate the predictive distribution using Gibbs sampling. The Gibbs sam-
pling estimation procedure uses the full conditional distributions in an iterative
procedure to obtain estimates of the parameters for the intractable posterior dis-

tribution.
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9.3.5 Spatial-temporal models

Forest survey data is often collected by plot locations periodically. For the
Siuslaw Forest, the second occasion grid survey is done by project year and re-
measurement panel. A remeasurement panel consists of approximately 25% of the
first occasion sample units (the data we used in this thesis). Originally, a different
panel was to be remeasured every 2 years on each Forest resulting in the entire
Forest being totally remeasured over an 8 year period. Beginning with the 1999
projects, however, the remeasurement cycle was adjusted to a panel every 3 years
with the total coverage completed every 12 years. Since our response variables
such as Total basal area, mortality, number of live tress, do change with time, it
may be worthwhile to examine spatial-temporal models for data over time.

In summary, the follow up research we recommend is to develop a spatial
model-validation, to study spatial zero-inflated models with distance based mean
function, spatial zero-inflated regression models, spatial models with location per-
turbations, and Bayesian inference for the models we developed in the current

study.
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