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ABSTRACT OF DISSERTATION

SMALL AREA ESTIMATION

Small area estim ation techniques with survey da ta  are now widely being investi­

gated in an increasingly crowded field. In forestry, on-the-ground Inventories could 

collect very intensive grid inform' *on, but this is costly. Therefore, utilizing the 

low-cost auxiliary information from remote sensing sources such as Landsat The­

m atic Mapper (TM) or topographical (T’opo) information is preferred. Since the 

data  is spatially dependent, it is crucial to develop procedures th a t combine the 

existing small area methods with spatial models. In the thesis, the following m eth­

ods are proposed using transformed and untransformed data: spatial m ultivariate 

(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 m ultivariate models, called spatial m ultivariate regression models. The 

comparison of the result from spatial m ultivariate 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 m ethod for predicting an individual plot response at a non­

sampled site on the 0.85-mile grid is determ ined, based on untransform ed data 

and based on transformed data. Also, predictions for individual plot locations
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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 m ultivariate model are considered for transform ed data. Moment and 

maximum pseudo-likelihood (MPL) estimations are used. To obtain MPL estima­

tors, the norm ality 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 m ean squared prediction 

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

To deal w ith zeros and non-zeros separately, spatial zero-inflated (SZI) models 

are proposed. Moment estimators for the directional mean param eters 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 m ultivariate regression models incorporating auxiliary 

information did not show improvement based on reduced m ean-squared errors.
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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 simulations.

Jin-M ann Lin 
D epartm ent of Statistics 
Colorado State University 
Fort Collins, Colorado 80523 
Spring, 2003
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1. IN T R O D U C T IO N

1.1 Background

In recent years 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. W ith addi­

tional information from related variables estim ation for small areas, or substrata, 

which otherwise would yield either no estim ate at all or estimates with very large 

variances, can be attem pted. 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 Them atic M apper (TM) or ge­

ographical information, we can utilize this information to improve estim ates by 

classifying the similarity between sampled locations and locations of interest in 

our 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 m any zeros; second, to obtain reliable estim ated 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  writh  the nature of

1
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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 S tu dy  O bjectives

The overall objectives of this study are

(1 ) To predict total number of live trees (Lt), total number of dead standing trees

(M) and to tal basal area (Tba) 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 to ta l num ber of live small trees or

seedlings (L ts), to tal number of dead small trees or seedlings (Ms), and 

total basal area of seedlings (Tbas) using the model modified to separate 

zero outcomes and non-zero outcomes.

(3) To determine reliable approaches for error estim ation 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 T hesis O utline

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. C hapter 3 describes

2
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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, 

so we consider rectangular lattices with and without holes in this chapter. We 

discuss two param eter estim ation 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, i.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 m ortality (M), number of live trees (Lt), and total 

basal area (Tba) 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

3
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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 Z 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 m ixture 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 param eter 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 estim ation 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

4
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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.

5
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2. R E V IE W  OF L IT E R A T U R E

Improved estim ation for small areas, also called small domains, can be done 

in three ways. First, small area estimation, second, additional sampling with 

regression estim ation (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 Sm all A rea S ta tistics

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 prim ary 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 estim ation 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 tha t synthetic estim ation Is just a special 

case of regression estimation. Dalenius believes tha t 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 tha t can hide some awful truths 

for certain areas. Reliable prediction errors for individual plots are needed. To

6
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examine this point closely, we use several techniques to estim ate 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 param eter estimates so 

the quality of the estimates are likely to be high]}' suspect. Also, there is a concern 

tha t the definitions of auxiliary variables used for the small area estimation and 

in the overall survey" are not always consistent.

Kalton (1987) advocated tha t 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 Baynes estim ates provided satisfactory inferences 

for param eters relative to empirical Bayes and especially randomization-based 

estimates. They" note th a t synthetic estim ates 0 ,  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 estim ators they discuss, 

we consider the following attractive ones for estim ation of the above parameters 

for a small area:

a. Direct Estim ation
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Direct estim ators use data only from the study units in the small area and 

tim e period of interest. Direct estimation is design unbiased or asymptotically 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 estim ated 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 Estim ation

Indirect estimators use data from outside the small area and/or tim e period 

of interest and explicitly use some statistical models to ’’borrow strength” across 

tim e 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 estim ation (indirect estimation approach)

A synthetic estim ate 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 estim ate is available, and use this estim ate to derive estimates for 

the small areas. Also, auxiliary information correlated to the variable is studied. 

The higher the correlation, the be tter the estim ate. As an example, we partition 

the population into large subpopulations g and assume that auxiliary informa­

tion in the form of totals, small area i, subpopulation g. is available. A

8
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synthetic estim ator of the small area total for area i is: Yi =  £ a( -W W ,)V ,. 

where Y g's are direct estimates. If the model assumption holds, synthetic esti­

m ation 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 Estim ation

This technique attem pts to balance the potential bias of a synthetic estim ator 

against the instability of a direct estim ator, by weighting them. A direct estim ator 

Yu and an indirect estim ator Y2i are combined to yield the composite estim ator 

of to ta l (Yi = Y2g Yg)  of small area i :

Y f  =  wlY lt +  (1 -  Wi)Y2i,

where un, is a suitabljf chosen weight (0 <  < 1). If weights can be obtained

objectively, this approach has the virtues of simplicity, applicability to general 

sampling designs, protection against estim ation bias, and potential for improved 

accuracy. The choices for u?t- can be some ad hoc weighting, James-Stein shrinkage 

rule, or to,- derived from small area models. The problem is tha t weights are usually 

subjective.

2.2 K -nearest N eigh b or M eth od s

In forestry, considerable work is going on now in small area estimation, with 

much of the im petus provided by research in Finland. Multiple im putation m eth­

ods (including regression models) and k-nearest neighbor techniques have been

9
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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 I predictions 

are made using randomly selected data with an underhung model and database. 

Then the data sets are analyzed separately and pooled into a final result, usually 

an a,verage 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 Euclidean distance function between pixels on satellite imagery from pixel p 

for which the prediction is to be made to each pixel for which ground tru th  is 

available. Then the estim ate for ground variable m  for pixel p is:

the k closest spectrally related pixels. Then classifications are im puted 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 m ethod to 

assess the volumes of potential log products in New Zealand Pinus rad iata  D. 

Don plantations. D ata from 188 ground plots for a 1000 hectare block of radiata 

pine was combined w ith 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 to tal standing volumes using a k-nearest neighbor algorithm, 

which calculates the estim ates by weighting the values of k nearest neighbors with 

a Euclidean 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 writh  high mean square errors (up

k

j= i

where the w(j.p)  are distance-related weights and m (j ,p )  are the values of m  in

10
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to 54 % for pixel-level pruned volume predictions). The}' indicate that the high 

m ean square errors will be much less for larger areas according to earlier studies. 

Note however tha t 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 tim ber volume in the Nordic countries with emphasis on the k-neaxest 

neighbor technique. The cross-validation estim ator of overall accuracy (OA) ap­

plying the nearest neighbor only for cover type using weighting parameters and 

200 bootstrap samples, the cross-validation estim ator was 0.4745 and the boot­

strap ,632+ estim ator of OA was 0.5211 where OA = 1 — Err  and the mean of 

errors, Err  = ~~ Vi)ln ■ w ith y,- and yl, the actual and predicted dichoto-

mous responses, i.e. does y belong or not to class i. 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 th a t 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 Alahalanobis 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. W hen the complete infor-

11
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m ation about a landscape cannot be collected, data are usually collected through 

m ultiphase 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 im portant design attributes-say, a de­

tailed stand inventory, census of bird species, or estim ate of sediment production. 

Moeur and Stage diagramed the partioned data m atrix  as

( Y(nXr) Z(nXq) \
X(jVxp) I

Y(yV—n)xr ^ ( N —n)xg /

where Y nxr and Znxg are the observed and derived design attributes, Y(jv_n)xr and 

Z(jv—n)xg are the design attributes to be estim ated, and Xjvxp is the observed in­

dicator attributes. The upper m atrix parcels correspond to second-phase samples

for which both X  and Y  are known; the lower m atrix  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 a ttribu te  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 stra tum  as ’similar' sam­

pled units. This inference procedure falls into the fcNN 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 tim ber 

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 T'opo which uses elevation, aspect, slope, and UTM coordinates 

as predictor variables, Atopo using AVHRR as well as the Tbpo predictor vari­

ables, and Ttopo, using TM and the Topo predictor variables. For 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
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pography and spatial coordinate models provided substantial information at less 

cost. The field plots at the tim e of data collection were rotated into the condition 

of the center of the plot so tha t the issue of mixed condition plots did not arise. 

The authors note tha t topography and geographic position are highly correlated 

with cei’tain ecological processes so tha t 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 tha t improved estimation can be 

done by utilizing additional information from areas adjacent to the one of interest 

and tha t better estimates can be made with improved covariate information. At 

the same tim e 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 M od els

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 term ed the 

Poisson with zeros (PWZ) distribution. Other names for these distributions are 

"inflated” (Singh, 1966: Pandev, 1965) and ” pseudo-contagious” Poisson distri­

bution (Cohen, 1960). W inkelmann (2000) gave a good introduction for inflated

14
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models, including zero-inflated, one-inflated, and z-ero-and-one inflated models. 

McLaclilan and Peel (2000) discussed mixture models for discrete and continuous 

data. In their book, the}' labeled a m ixture 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 Yi can be 

expressed as

Y  = D0 (1 -  Bi) +  PI Bi =  P! B,

where D0 — 0, the Bi s are independent Bernoulli random variables with mean p. 

0 < p < 1, and the P[ ’s are Poisson with mean param eter A.

I t ’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 

estim ate the param eters for a m ixture model of two discrete distribution compo­

nents including Binomial, Negative Binomial and Poisson.

Lambert (1992) proposed th a t p and A depending on covariates forms the 

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

the responses Y  =  ( I ') , . . . .  YvV are independent and

Y  _  f 0 w ith probability 1 — p4
1 [ Poisson(A,) with probability p,-

and the param eters A =  (A i,.. . , X^Y and p — (pi, • • - -Pn Y satisfy

log(X)  =  X/3

log i i (p)  =  log (p /(  1 -  p )) =  G-y

for covariate matrices X  and G.

2.4 Fuzzy C oordinates

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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th a t we would like to observe to tal basal area (Tba) at plot i. while in fact we 

observed Tba 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 i. in fact, could

be the value at one of four locations east, west, south, or north of plot i.

Observations on this process are made under possible perturbations in the 

locations. These perturbations can be a stochastic process, say {Y(Sl,s,j}. The 

experimenter hoped to observe {Tp, intending to make inferences regarding 

some model for the process 0"(Sl.S2)}, but observed the process at location {Y(Sl.a2)} 

instead of (31 , 32). 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 {Y(SIiS2)} process can be is defined by

=  (si,-s2) probability (w.p.) p0,

= (si -  l , s 2) w.p. P i ,

=  (p! T  1, S2) W. p .  p2-i

=  (3l, 32 -  1) W. p .  p z ,

-  ( s i , s 2 +  1)  W .p .  p 4 ,

where 0 < pi's < 1  and

For a one-dimensional process, Lin (1996) found perturbation models {Y*} 

satisfying some conditions such as f-mean which means th a t the expectation of 

{Yf} is t, stationary increments for which the distribution of Y ^  — Yf only depends 

on increments h. Vt, etc, where t can be tim e or depth. Analogously, we can find 

perturbation models {Y(Sl.s,)} possessing some properties called (sy, 32)-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 fuzzjr 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:

g(-e,+e) iy(-n,+n)

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 p-e (x )-, Pn (x ) of E,  N  

in ordinary linguistic term s of confidence, belief, certainty or plausibility. Also, 

Brimicombe introduced another term  expectation, which is similar to the (sx, sq)- 

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 M o d el S election  and Sam ple R euse

Predictions and the assessment of prediction errors are often the prim ary goal 

in many area of statistics. A good model ought to fit the data well. 'The more vari­

ables/param eters 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. R 2 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 Cp (Mallows, 1973), Akaike Information Criterion (Akaike, 1973, 1974), 

one based on the Kullback-Leibler discrepancy. Bayesian Information Criterion
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(BIG, Akaike, 1978), the Schwarz Information Criterion (SIC, Schwarz, 1978), 

etc. Hurvich and Tsai (1989) developed an improved small-sample unbiased esti­

m ator of the Kullback-Leibler discrepancy, AICC, which is one of the best model 

selection criteria in Time Series. McQuarrie and Tsai (1998) pointed out tha t 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 estim ated prediction error for individual plots. W hen the data are indepen­

dent, the classical jackknife (Quenouille, 1949a, 1956; Tukey, 1958) and bootstrap 

(Efron, 1979, 1982) for estimating an error estim ate can be used. But it is crucial 

tha t 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 ’fixed7 and ’moving7 tiles (blocks), called 

block bootstrap methods. In the classical bootstrap m ethod, we bootstrap the 

i.i.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 estim ate 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 dem onstrated this approach for tim e 

series data and shewed 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 param etric or semiparametric assumptions about large
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and small scale variation in the data, it is possible to resample the i.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 m atter 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 stud)7 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 P R E P A R A T IO N  A N D  DATA SU M M A R IZ A T IO N

3.1 S tu d y  A rea

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 Tillamook. It consists of 8 counties, and comprises about 0.63 million 

acres (0.25 million hectares) administered by the United States Departm ent 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 ’Tar 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 F ield  D ata

A grid sampling strategy was adopted for broad-scale inventory and m onitor­

ing of the forests. The grid consisted 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 m ethod 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 Dn — {sq,. . .  , s n} where s./'s denote the locational 

indices of the i-th  sample point. While we use the finer grid sampling in the same 

area D, 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 

term ed ’’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 occasion 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 adjusted 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 dovm- 

loaded at http://w w uv.fs.fed.us/r6/survey/data_tables.htm . The prim ary sample 

unit (PSU) in the sampling system is a 1-hecta.re (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 represents one-fifth of the PSU area. 

Each 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 1-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, 

(diam eter at a height of 1.3 m (4'3") on a tree steam and seedlings which 

are trees 6" tall and less than 1" 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 1-3.0" to 47.9"

4. 0.2 hectare (0.5 acre) for trees >  48" DBH

22

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



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 

w ith 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 NSGQ (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, 

w ith both NSNO and NSG8 (Coastal sand dune, rolling, partial beachgrass stabil­

ity), one was installed but had no trees or indicator species and plant association 

(NSG8), and one was installed but had no trees tallied (NSNO). There is more 

detailed information about installations for some particular plots summarized 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.

W ith 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 to tal number of dead standing trees (m ortality (M)) ex­

cluding very small trees and seedlings tallied on the 0.004 ha., to tal number of live
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trees (Lt) with diam eter at breast height (DBH) > 3" excluding very small trees 

and seedlings tallied on the 0.004 ha., total basal area (Tba) (excluding very small 

trees and seedlings tallied on the 0.004 ha.) which is the sum of cross-sectional 

areas of all live trees having a diameter breast height (DBH) of 1 inch or larger 

measured in m 2[ha. Also, we are interested in the m ortality of seedlings, total 

num ber 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 Ms, Lt6., 

and Tbas. These are the variables we selected for our study. The variable Tba. 

linearly corrected with tree volume, is easy to measure and has been one of the 

prim ary variables of interest for a long tim e as is number of trees per hectare. 

Tba is calculated from measurements of the diam eter at breast height (DBH) of 

all live trees at breast height (DBH2 x tt/4). The number of live trees per hectare 

is of ecological interest and is also needed to estim ate 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:

V A 7 U  V “V/'2'3 \ ~ ^ n 2
_ __ z _ j = i  £ - / j = i

y ~  0.2 n4 0.076n 3 0.02 ?7T

and

_ E £i vu 
Vs 0.004 n x

where y is the estim ate of the a ttribu te excluding those on the 0.004-ha. circular 

subplot, ys is the corresponding estim ate for very small trees and seedlings on 

the 0.004-ha. circular subplot, yi: is the j - th  tree a ttribu te  on subplot of size i. 

and n-i is the total number of trees on subplot of size i, 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.

3.3 Landsat T M  D ata

The satellite imagery from, the Landsat 5 Them atic 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), thei'mal 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 instrum ent 

sees from the object being observed expressed in wratts/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 prim ary 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 param eter: 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
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D atum  1927) and Zone 10. For the UTM system, the earth is divided into sixty 

zones, each spanning six degrees of longitude. Each 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 Im age E n h a n c e m e n t and A ncillary D ata

There are several common wavs to enhance the TM data such as filtering, 

Tasseled Cap transformations (Crist and Cone, 1984) and ratioing transforma­

tions.

The Tasseled Cap transform ation 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 Bandi +  0.2793 Band2 +  0.4743 Band3 4- 0.5585 Band4 

+0.5082 Bands +  0.1863 Band?

Greenness =  — 0.2848 Bandi — 0.2435 Band2 — 0.5436 Band3 +  0.7243 Band4 

+0.0840 Bandg -  0.1800 Bandr 

Wetness =  0.1509 Bandi +  0.1973 Band2 +  0.3279 Band3 +  0.3406 Band4 

—0.7112 Bands — 0.4572 B a n d r .

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

vegetation index (VI), which is calculated by N IR /R , the normalized difference

26

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



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 (Rj wavelength bands via the algorithm: NDVI=(NIR- 

R )/(N IR -fR ), 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 Band4 is strongly 

reflected. Bands is sensitive to moisture in vegetation and soil. Band7 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; Ratioy. B and^B ands i.e. VI (N IR /R ), Ratio2: 

Bands/Band.!, and Ratios: B ands/B and7. Vegetation is usually shown in red by 

remote sensing people. The reason is the fact that the human ej'e (0.6 - 0.7 /.cm) 

perceives the longest visible wavelengths to be red and the shortest visible wave­

lengths to be blue. Therefore, we are not seeing real colors. Ratioi utilizes the 

NIR. and red (R) region of the spectrum  which represents active vegetation. Ratio2 

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 

m ajority of the 13 grid pixels. We compare the different enhancements against 

the original Band reading at the center pixel. We integrated other "spatial data 

layers5' 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 M anagement (BLM) has a DEM th a t covers all of Oregon. For the
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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 maim 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

AspRC =  0.5 |c o s  [aspect — max{aspect)]j  +  1 j  . (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 transform ation function yields

Asp5 =  0.5 (jgQ [a,sde<A — max(aspeci)]j +  1 j  . (3.2)

In this study, values of the variables of interest at the interpolated points 

were mainly estim ated 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 D ata  D escrip tion

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.

28

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



3 .5 .1  U n iv a r ia te  description

A boxplot is a way to look at the overall shape of a set of data. The 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, Ms. Lt, LtS; Tba, and 

T bas values. All variables except for Ms form a box; for Tba, 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 symmetry. An alternative presentation of 

da ta  to the boxplot is the histogram. The histograms for M, Ms, Lt, L ts, Tba, and 

T bas are shown in Figure 3.7. The histograms for M and Lt are left skewed and 

for Tba. the histogram appears to be symmetric and more normal. The histograms 

for Ms, Lts, and Tbas have large mass at zero, so it might be dangerous to do 

further analyses ignoring the 0 ’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 (Qi and Q3) 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 Tba., 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 Ms, Lts, and Tbas; for example, the 3rd quartile for Ms is Q3 =  0 

which means at least 75% zeros, ab o u t.50% for Lts since Q i=0, median=50.00
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and mean=250.00, and the percentage of zeros for T bas is higher than 50% and 

lower than 75%.

The coefficients of variation (sample standard deviation/sam ple mean) for M, 

Ms, Lt, Lts, Tba, and Tbas 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 tha t may have a significant, im pact 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 Ms, Lts. and TbaA. are greater 

than 1, which are shown long tails in their histograms. The coefficient of variation 

fox Tba 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 tha t 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 Wetness. The coefficients for Band4 in the linear combinations of greenness 

and brightness (defined on p .26) are 0.5585 and 0.7243 respectively which are 

higher than tha t for witness. Brightness and greenness are dominated by Band4. 

Since the. boxplot of Band4 has no extrem e 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 R a t io n  Band4/ Band3 forms a box with one extreme 

value; while for Ratio2 and Ratios, there are more extreme values outside the 

brackets.

3 .5 .2  B ivariate 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 wre 

analyze the data set one variable at a time, it is im portant to examine the rela­

tionships and dependence between variables. First, we describe the relationship 

among the plot-level forest (response) variables, M. Ms, Lt, L ts. 'Tba, and Tba.s. 

The scatter plots of paired variables, Lt versus M, Tba, versus Lt, Lt.s versus Ms, 

and Tbas versus Lts are shown in Figure 3.13(a). The scatter plots do not reveal 

any apparent linear relationship among the variables except for Tbas vs. Lts if 

species is ignored. The R 2 between L ts and T bas. is 0.8547, but the R 2 between Lt 

and Tba is only 0.0057. Obviously, there is strong correlation between seedlings 

variables, Lts and T’bas. This implies that the more live trees the larger seedlings 

total basal area. The scatter plot of Tba vs. Lt forms a band ranging from 100 

to 300 for Lt values and from 35 to 60 for Tba values. Sample plots are domi­

nated by a fewr large trees. For those plots, although the number of live trees is 

small, the Tba value is large. For further investigation, we study the relationship 

between the Lt and Tba 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 Tba. The scatter plots for Lt versus 

M, Tba versus Lt, and Lts versus Ms show no apparent linear trend. For Tbas
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versus Lts, there is a similar linear trend as when species are ignored. The R 2 

of Tbas with Lts is 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 2,s are very small. Only elevation is related to M 

and Tba with R, — 0.1694 (R 2 =  0.0287) and R  =  0.1338 (i?2 =  0.0179). respec­

tively. The higher the elevation, the higher the mortality. As shown in Figure 

3.15, the R 2'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 Bandy. 

Since Bandy is sensitive to vegetation moisture content, it is reasonable to have a 

negative relationship with mortality. There are no apparent linear trends for Ms 

and bands: the R 2,s range from 0 to 0.0030. For Lt, the i?2’s are small except 

for Band4. As mentioned in Section 3.4, Band4 is strongly reflected by active 

vegetation. Band4 is related to Lt by' the correlation R  — 0.1086 as expected. For 

Bandi, Band2, Bands, and Band4 data  are slightly related to Lts. Band values 

with Tba range from -0.2173 to -0.3161 in R-values; Bandg is the strongest related 

to Tba. For Tbas, there is no apparent linear trend with bands. The Tasseled 

Cap transformations d idn’t do better than those original band data for any vari­

ables except for Lt and Tba. The correlation between brightness (Capi) and Tba 

is R  =  —0.3324 which is more correlated than those for the original bands. Of 

all ratioing transform ed 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, Ratiox is related to Tba 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, i t ’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. D ata 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 m ortality /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=(5Q, 8 6 ], and green 4=( >  8 6 ). Note th a t 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, 5 pairs of adjacent green 4’s in adjacent corner directions in the northern 

area. We can see th a t 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 tha t there are some extreme values shown outside the 

brackets of the boxplot and long tails in the histogram. One 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 Ms data is depicted in 

Figure 3.20. We see tha t there are many zeros consistent with those shown in the 

interquartiles of Ms in Table 3.3. For non-zero values, some of them are close to 

each other, some are 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=(18Q, 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 shoves the data for the Lts 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 Tba in adjacent corner neighbors than  in adjacent horizontal and vertical 

neighbors. Therefore, there might be stronger spatial dependence effects on corner 

neighbors than  w ith horizontal and vertical neighbors. In Figure 3.27 the large 

Tba values 106 and 101 also indicate tha t stronger spatial dependence exists with 

corner neighbors than  with horizontal and vertical neighbors.
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A posting of the Tbas data is displayed in Figure 3.28 showing many zeros. 

In Figure 3.29 we depict only the 6 largest Tbas 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  Sam ple correlations o f p lo t-lev el variables

In the pi'evious 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 

i in the following ways:

F ir s t  o rd e r  n e ig h b o rh o o d  The west, east (horizontal neighbors), south, or 

north (vertical neighbors) of location i 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

Second order neighb orhood  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 .7v^-m ile distance of plot 

si, 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 Ms 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 Tba. 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 L ts and T bas among horizontal, vertical, and corner neighbors. For Lts, 

the sample correlations for horizontal, vertical, and corner neighbors, are respec­

tively 0.2300, 0.3022, 0.2101 and for Tbas, 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 (h = 1.7\/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 Ms and Tba, 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 (h =  3.4 mile, m arked by A in Figure 

3.30), and sample correlation for 2-unit corner neighbors (h — 3.4^/2. marked by
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A 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-clistance increases ir2v = 0.1151 

vs. rv = 0.1190). This implies tha t 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 (r2v =  0.1505 vs. ry=0.008 7). There are about 

86% zeros in the Ms data. The greater the lag-distance is, the more zeros are 

Included. This can lead to overestimating the param eters 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  Sam ple correlations of su b p lo t-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 between subplot areas is 40.8 m  which is much closer than tha t 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

37

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



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 Ms 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. rv =  0.1711 and r2v = —0.0104 for plots as shown in Table 3.4; whereas 

r[, =  0.1711 and rt,v = —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 Tba, on subplots, the sample 

correlations decay slowly as the lag-distance increases, too; the largest of those 

sample correlations is about 0.61 which is only 0.13 larger than  the smallest. For 

Lts 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 L ts drop much more slowly in the horizontal direction 

than  those sample correlations of plot L ts did. The sample correlations for T bas 

on subplots are smaller than those for T bas on plots at one-unit-apart distance.
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Both sample correlations for Tbas on subplots and Tbas 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  D ata  Sum m ary

Plot attributes of trees, M, Lt. and Tba do not have many zeros in the data, 

but plot attributes of seedlings do. For MSl there are about 86% zeros. There 

are not many plots having dead seedlings. Of all plots having live seedlings, there 

are only 42% plots with very small trees or seedlings of DBH of 1” or larger. For 

those plot attributes of trees, Tba 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 th a t 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). T hat implies th a t the distance-based correlation function is a potential 

candidate for our data to make predictions for non-sampled locations. Among M, 

Lt, and Tba, the smallest coefficient of variation belongs to Tba and so it should 

be easier to predict than M and Lt.

The reliability of prediction using spatial regression models depends on the 

availabilit}’ of good auxiliary information. As vre noted earlier, there is weak 

relationship between auxiliary data, and forest data without considering spatial 

features. W hile considering the spatial feature of auxiliary data and forest data,
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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 betw-een plot information even on adjacent plots and with ancil­

lary information. This might be due to the large lag-distance (1.7 mile=2736 m) 

we have for plot data since vTe note tha t 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

te r 7. Chapters 5 and 8 respectively introduce the predictions based on plot infor­

m ation 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 XT'.

Installation
Year

Number of Force 
Account Installations

Number of Contract 
Installations

Total Sample 
Units Installed

1993 2 0 2
1994 0 35 35
1995 0 148 148
1996 8 84 92
1997 0 43 43
Total 10 310 320

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

Plot
Number 1 2

Stake Positions 
3 4 5

1092040 Full Full Full Full No (A)
2074046 Full Full Full No (A) Full
2076046 Partial (0 ) No (O) Partial (0 ) Full Partial (0 )
2080030 No (A) No (A) No (A) No (A) Full
2082038 Full Full Full Full No (0 )
2082046 Partial (0 ) Full Partial (0 ) No (0 ) Partial (0 )
2084050 Full Full Full Full No (A)
2085032 No (A). No (A) Full No (A) No (A)
2103038 Full No (0 ) Full Full Full
2108050 Full Full Full No (0 ) Full
2125072 Partial No Full Full Full
2136050 Partial (0 ) Partial (0 ) Full Partial (0 ) No (0 )
2139062 Full Full Full Full No (0 )
2141056 Partial (0 ) Full Full No (0 ) Full

(b). All plots are not fully installed

Note tha t "0 "  indicates tha t the stake position area was partially installed or was 
not installed due to ownership and TAX indicates the stake position area is not 
installed due to inaccessibility.
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Figure 3.2: Diagram of Prim ary Sample Unit (PSU) -Design1-!
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1J 5 stake position areas (1-5) w ith concentric subplot sizes (0.004 ha., 0.02 ha., and 0.076 ha.), 

and sample lines
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Figure 3.3: Stake Position Numbers, with Corresponding Areas and Boundary 
Limits1-!

3 1 5 45
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h All concentric subplots ((0.004 ha., 0.02 ha., and 0.076 ha.) are contained w ithin one of the 
five areas corresponding to  a stake position num ber (1-5).
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Figure 3.4: Location of CVS plots (N—328) in the Siuslaw N. F'C-i
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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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Table 3.2: Them atic M apper Spectral Bands (See Lillesand and Kiefer (2000))

Band Spectral Name Spatial
Resolution

Wavelength
(pm )

1 ' blue 30 meters 0.45 - 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 (M IR) 30 meters 1.55 - 1.75
6 therm al 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, Ms, Lt, Lts, Tba, and T bas d
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0 the y-axis shows data values
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Table 3.3: Descriptive statistics of the data

Variables Min. Qi Median Mean q 3 Max. S.D.
N=313 plots

Aspect (°) 0.00 95.08 191.30 186.20 276.00 3-58.21 105.73
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
AspSI;re -1.00 -0.82 -0.12 -0.07 0.60 1.00 0.70
Asp cos -1.00 -0.71 0.00 0.02 0.74 1.00 0.71
AspHC 0.00 0.14 0.52 0.51 0.86 1.00 0.36
Asps 0.00 0.08 0.45 0.46 0.80 1.00 0.12
Bandi 5-5.00 61.00 62.00 63.06 65.00 108.00 4.41
Band2 17.00 21.00 22.00 22.76 24.00 49.00 3.18
Band3 12.00 16.00 17.00 17.84 19.00 63.00 4.09
Band4 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 16.5-3
Bandr 4.00 9.00 10.00 11.96 15.00 55.00 6.01
Capi 62.44 87.31 103.60 107.30 123.30 182.90 25.42
Cap 2 -25.00 16.14 28.78 31.00 42.13 83.23 18.80
Cap3 -35.25 7.73 12.71 11.77 17.29 30.87 8.-56
Ratioi 1.14 3.93 4.79 4.86 5.80 8.42 1.24
R,atio2 0.32 0.44 0.51 0.53 0.59 1.81 0.15
R.atio3 1.04 3.46 3.89 3.97 4.38 7.80 0.84

N=313 plots for all species
M f# / ha) 0.00 20.53 42.58 62.75 77.32 507.3 67.46
NR ( # / h a ) 0.00 0.00 0.00 12.-54 0.00 350.00 40.49
Lt (# / ha ) 0.00 176.60 290.00 367.60 527.90 1538.42 268.93
Lts ( # / h a ) 0.00 0.00 •50.00 200.80 250.00 2562.50 359.72
Tba (m2/ha) 0.00 27.37 42.46 43.50 58.41 107.29 24.34
Tbas (m 2j h a ) 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
Ms 0.00 0.00 0.00 3.78 0.00 100.00 14.91
Lt . 0.00 54.87 128.60 207.20 295.00 888.40 202.30
Lts 0.00 0.00 0.00 73.78 62.50 1000.00 158.68
Tba 0.00 14.72 28.55 32.90 45.63 103.40 22.95
Tba5 0.00 0.00 0.00 0.09 0.00 1.97 0.27

Note: Tasseled Cap transform ations of the 6 bands -  
greenness, Caps: wetness: Vegetation index -  Ratioi: 
Bands /  Band4, Ratios: Band5 /  Band?.

Capp brightness. Cap2: 
B an d 4 /' B ands- Ratios:
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Figure 3.8: Boxplots and histograms for the topographic data
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(a), the original aspect, elevation, and slope data

(b). sine-transformed aspect data
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(Continued)

0 . 0  O . S  1  . o

fc). cosine-transformed aspect data

0-0 0.-4- O.S

(d). Robert and Cooks cosine-transformed aspect data

0 .0  0 .4  o .
As P 3

(e). Robert and Cooks transform ed aspect data, replacing cosine by sine
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Figure 3.9: Boxplots for the 6 hands1-!

ow
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Band 1 Band 2 Band 3 Band 4 Band 5

F the y-axis is the d a ta  values
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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
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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 Tba, Ms versus Lts, and Lts 
versus Tbas.

CO
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CO CM

O  5 0 0 *t 5 0 0  

L t S

(a) the forest variables ignoring species1-!

1 O O

O 200 © O O

L _ t S

(b) the forest variables for Douglas-fir2-!

1J r 2 for M w ith L t is 0.0492, for Lt w ith T b a  is 0.0057, for M s w ith L t, is 0.0707, for L ts with 
T b a s is 0.8547. 2J r 2 for M w ith Lt is 0.0214, for Lt w ith T b a  is 0.0015, for M5 w ith L ts is 
0.0069, and for L ts w ith Tba... is 0.8191.

■56

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



As
pec

t 
As

pec
t 

As
pec

t 
As

pec
t 

As
pec

t 
As

pe
ct 

20
0 

0 
20

0 
0 

20
0 

0 
20

0 
0 

20
0 

0 
20

0

Figure 3.14: Scatter plots of all 6 variables versus the topographic data, R2 in
parenthesis
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Figure 3.15: Scatter plots of all 6 variables versus all 6 band data, R2 in parenthesis
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Figure 3.16: Scatter plots of all 6 variables versus 3 Tasseled Cap transformed
band data, R2 in parenthesis
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Figure 3.17: Scatter plots of all 6 variables versus 3 ratioing band data, R2 in
parenthesis
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Figure 3.18: M ortality by plot (M) by location measured In trees/ha., classes
1=(0, 21], 2=(21, 50], 3=(50, 86], and 4=( > 86).

integer index for Easting (1.7 mile)
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Figure 3.19: Locations for the large M (trees/ha.) values

334493

integer index for Easting (1.7 mile)
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Figure 3.21: Locations for the large Ms (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).

integer index for Easting (1.7 mile)
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Figure 3.23: Locations for the large Lt (trees/ha.) values
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Figure 3.24: A1 T im b e r  of live trees of seedlings (Lt£, trees/ha.) by location
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Figure 3.25: Locations for the large L ts (trees/ha.) values
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Figure 3.26: Total basal area (Tba, measured in m 2/ha.) by location, classes 1 =  (0,
28.22], 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 Tba (m2/ha.) values
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Figure 3.28: Total basal area of seedlings (Tbas, measured in m2/ha.) by location
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Figure 3.29: Locations for the large T bas [m2 j ha.) values
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Figure 3.30: The Neighborhood of Plot i

k A

o

A o o A

•  o •

A  A  A

o— one-unit-apart (1.7 mile) horizontal and vertical neighbors 
•=  one-diagonal-unit-apart (1.7 \/2 mile) corner neighbors 
A — two-unit-apart (3.4 mile) horizontal and vertical neighbors 
A= two-diagonal-unit-apart (3.4 \/2 mile) corner neighbors

Table 3.4: Sample mean (y), Sample Variance (s.2), and Sample Correlations

y s2by Th rv A A/i A v Ac
M 62.75 4536.76 0.1363 0.1711 0.0454 0.0155 -0.0104 0.0111
Ms 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
Tba 4.3.50 590.40 -0.0147 0.0322 0.1489 0.0079 0.0169 0.0264
Tbas 0.23 0.27 0.2243 0.3176 0.1713 -0.0597 0.0904 0.0379

rh- sample correlation between one-unit-apart (1.7 mile) horizontal neighbors
(e.g. x and horizontal-left and horizontal-right o’s),
rv: sample correlation between one-unit-apart vertical neighbors
(e.g. x and vertical-upper and vertical-down o’s),
rc: sample correlation between one-unit-apart (1.7 \/2 mile) corner neighbors (e.g. x 
and «’s),
r2h' sample correlation between two-unit-apart (3.4 mile) horizontal neighbors 
(e.g. x and horizontal-left and horizontal-right A ’s), 
r 2v- sample correlation between two-unit-apart vertical neighbors 
(e.g. x and vertical-upper and vertical-down A ’s),
r2c: 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 (yr). Sample Variance (V^), and Sample Correlations for 
Subplot Variables

f V' sn b v r k < r hv K r 2 h '2 , V2 hv
M 12.93 358.59 0.2875 0.3825 0.3350 0.4622 0.3835 0.4807 0.4321
Ms 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 0.5296 0.4283 0.5491 0.4887
Lts 36.09 7780.96 0-3131 0.2822 0.2977 0.3205 0.2558 0.1416 0.1987
Tba 8.82 37.06 0.6073 0.6081 0.6077 0.5366 0.5585 0.4814 0.5199
Tba* 0.04 0.02 0.1542 0.1650 0.1596 0.2033 0.1413 0.0684 0.1048

r'h: sample correlation between one-unit-apart (40.8 m) horizontal neighbors 
(i.e.stake positions (1,3) and (1,5)),
r'v: sample correlation between one-unit-apart vertical neighbors 
(i.e.stake positions (1.2) and (1,4)),
r'h%: sample correlation between one-unit-apart horizontal and vertical neighbors 
(i.e.stake positions (1,2), (1,3), (1,4) and (1,5)),
r'c: 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)),
ri)h: sample correlation between two-unit-apart (81.6 m) horizontal neighbors 
(i.e.stake positions (3,5) ),
r'2v: 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.
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Figure 3.32: Scatter plots for subplot-level variables in different lag directional
neighborhoods
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4. SIM PLE SPATIAL M O DELS

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 E , the dispersion m atrix of a multivariate (MV) 

distribution.

Initially, we constructed a spatial autoregressive (SAR) model and a spatial 

moving average (SMA) model, but these possessed certain deficiencies. We then 

proceeded with the following alternative approach. Suppose YSi is the variable of 

interest at location s* for plot i, i =  1 , . . . ,  A', where N is the total number of plots 

or points observed. Since E  is a dispersion m atrix describing spatial dependence in 

the errors, PsiS j  denotes the covariance between Ygi and Ygj and denotes

the variance of Ysi . The m atrix E  must be symmetric and positive-definite, so 

any covariance scheme must ensure these conditions.

Let e be an Ar x 1 vector of (unobservable) random variables with mean zero 

and N  x N  dispersion m atrix a 2 I. We consider the schemes of the form

A ( Y  -  ii) =  Be.  ( »

Then Y_vxi ~  MV [ fx jvxi-, S =  a 2 P  =  a 2BB'].  Since P is symmetric and 

positive-definite, B  can be rewudtten as B  = P A 1P p \  where P  is an orthogonal 

m atrix (i.e. P 1 =  P -1 ) and A is a diagonal m atrix  A =  diag{ A i,. . .  , A_v) consisting 

of the eigenvalues of P.

( I
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Assume that A  = I and B  = I  — W.  Then the model can be expressed as

Y  = fi + Be. (4.1)

For easy reference, we call this the ’’Phase I" model.

Multiplying both sides of the equation (4.1) by B ~ l =  I — M  where M  =  

(ffly), it may be rew ritten as

For individual observations, equation (4.2) is equivalent to

N

Ysi  =  nSi + Y 1  m a(Y*j - V S i )  + £si,  i =  1, . . .  . N,  (4.3)
j=i

where the m-As are zeros for i =  1 , . . .  , N.  The last equation makes the inter­

dependency structure between individuals more intuitive. The value at plot i 

depends on the mean of its distribution at tha t plot, plus a weighted sum of the 

errors at the plots neighboring it. The plot location Si =  (s.u, s4-2) can be conve­

niently re-indexed by a single number k where k 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 F  in the m ultivariate normal model. The 

neighborhood system was described in Section 3.5. The neighboring set of i on the 

2D lattice, as illustrated in Figure 3.31 is defined as the set of nearby plots (sites) 

within a radius of h. Ar,;={j : d{j <  A,Vj A i} where dtJ denotes the Euclidean 

distance between plots i and j  and h takes the values of 1.7 mile, 1.7\/2 mile,

(I -  M )(Y  - / / )  =  £.

or

Y  = ft  + M  (Y — fi) +  £. (4.2)
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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) pi j  oc d ~ k , (k >  0)

where d-ij is the distance between plots i and j  and k  is a constant, or 

Pij =  0d~k where 6 is a parameter.

(ii) p ^  =  e x p { 0 d ~ j k )

where e x p  denotes the exponential function, k is a constant ( one or two in 

our study) and 9 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 S i= (sn ,S i2) for s,:i =  1 , . . .  , ra and s.;2 =  1 , . . .  , n  not ordered in a m atrix 

manner. W hen 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: i ^  N j ,

(2 ) the neighbor relationship is mutual: i £ N j  <=t j  £ Af.

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 th a t k-NN methods don't possess 

the m utual neighbor property.
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4.1 Sp ecify in g  th e F Structure of th e  M ultivariate  (M V ) D istribution

In our MV spatial model, one specification of the covariance-variance m atrix 

a 2 F  is given by decomposing F  as F =  Cor(Y) =  I+ p i H -f P2 V -fp 3 CV-j~p4 (U2h 

Here I is an identify matrix. H and V denote the corresponding (0.1) matrices with 

l 's  for the horizontal and vertical neighbors, respectively, and CM) and C*ij denote 

the corresponding (0 .1) matrices with l ’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, p2- P3, 

and pi. For some applications, first order spatial dependence is adequate, so 

sometimes we will assume some of the px s to be zero.

A. We will investigate the following schemes:

( la )  symmetric first order scheme, called FPlPloo, i.e. p\ — p2 =  p\a and p2 =  p4 — 

0 (Figure 4.1(la)). The correlation m atrix reduces to F  =  I  -f pla (H  +  V ) 

a function of the spatial dependence param eter p\a. This 

assumes row and column correlations are identical and diagonal correlations 

are zero.

( lb )  asymmetric first order scheme, called S PlP2oo, i.e. p-z — — 0 (Figure

4.1(lb)). The correlation m atrix reduces to F =  I +  pi H  +  p2 V. In this 

scheme, F  is a function of the spatial dependence param eters pi and p2. This 

assumes row and column correlations are different and diagonal correlations 

are zero.

( 2 a) symmetric second order scheme, called S PlPlPlPl. i.e. pi =  p2 =  p3 =  p4  — p2 a 

(Figure 4.1(2a)). This includes more neighbors than  (la) and (lb). The
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correlation m atrix then takes the form of F =  I+/>2a (H + V )4-p2a (C d)-fC d)) 

=  1+ p2 a W (2a). This assumes row, column, and diagonal correlations are 

identical.

( 2 b) asymmetric second order scheme, called SplPlp3P3, i.e. p2 =  Pi — Pia-PA =  

p 3 = P2 b (Figure 4.1(2b)). The correlation m atrix  reduces to F =  I  +  gi (H  + 

V ) +  p3 (Cd) +  Cd)) =  I +  Pla (H  +  V ) +  p2b (Cd) +  C<2)), a function of 

param eters pia and p2b- This assumes row and column correlations are 

identical but different from the identical diagonal correlations.

(2 c) asymmetric second order scheme, called S PlP2P3P3. i.e. p4 — p3 = p2c (Figure 

4.1(2c)). The correlation m atrix reduces to F  =  I +  pi H  +  p2 V -f  ps (Cd) -f 

C d l ) .  =  l  +  /9 l H  +  p 2 V  +  p 2cW d d . This assumes unequal row and column 

correlations with identical diagonal correlations.

(2 d) asymmetric second order scheme, called S PlPlP3P4. i.e. p2 =  pi = p2d (Figure

4.1 (2d)). The correlation m atrix reduces to F  =  I +  p2d (H  +  V) +  p3 Cd) -f 

p4Cd) =  I + p 2d W {2a')+ p 3 C d )+ p 4 C (2) where w (2a') =  W d a ). This assumes 

equal row and column correlations with different diagonal correlations.

(2 e) asymmetric second order scheme, (Figure 4.1(2e)), called S PlP2P3Pi. The 

correlation m atrix is F =  I +  pi H  +  p2 V  +  g3 Cd) -f p4 C d), a function 

of the four param eters p2, p3 and p4. 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 m atrix of a2 F  th a t are

more directly related to distance are: pa =  1

(1) ptJ =  9cl^k, for i A j  (k =  1, 2)

with no neighborhood constraint. This assumes tha t the correlations decay
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by the proportion of inverse distance or squared inverse distance for all 

observations.

(2 ) ptj = 0d~3k, for i #  j  (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.

(3) pij =  O e x p ( - d t ) ,  for i T  j  (k =  1.2)

with no neighborhood constraint. This assumes th a t the correlation decays 

by the proportion of the distance exponent function which decays much 

more quickly than the correlations (1 ).

(4) p^  =  6 e x p ( - d ^ ) ,  for i ^  j  (k = 1, 2)

with (a) a first or (b) a second order neighborhood constraint.

The correlations beyond the first or second order neighborhoods are assumed 

zeros.

4.2 C onstraints on th e  P h ase 1 M odel P aram eters

Since r  must be positive-definite, there are restrictions on the possible values 

of the correlation pi, p2 , /?3 , and p4 for specifications A  and B  and 6 for the 

distance-related alternative.

C o n d itio n s : P is a positive-definite m atrix (a'Ta >  0 for all nonzero vectors a) 

if it satisfies one of the following equivalent conditions

(i) All eigenvalues of T  are >  0.

(ii) All the upper left submatrices IT  have positive determ inants.
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(iii) All the pivots (without row exchange) satisfy dz > 0 (the cfys are the diagonal 

entries on the D m atrix 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 param eter 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 = ( s 1; s2) are ordered (/' , h ) . . . .  . (/' , m ), (/' +

1 , /2) .  (fy +  1 , u o), . . . ,  , {u'Si. u m) where lSl and uSl respectively

denote the smallest and largest of 52 for -Si =  V . . . .  ,u'S], fy =  and

u' =  i.e. the ordering starts with the west most column among all

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

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

the number of points for sy =  1 , . . .  , m, so N  =  Y^=i  n m

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

where lSl and u Sl denote the smallest and largest of s2 when s x =  1 , . . .  , m  re­

spectively, and N  — n Sl.

4.2.1 R egular rectangular la ttice

For an m  x n lattice, the correlation m atrix  F of scheme S PlP0P3P3 as an 

illustration can be expressed as

where the notation ® denotes the Kronecker product. Ip is a p x p identity m atrix 

and Mn is a symmetric n x n m atrix with = 1 if j i — j  j= 1 and zeros

r  — Iron +  (p iMm) ® In +  Im ® (p2Mn) +  (PsMm) '<! M n
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elsewhere. Let A, and aj  denote the eigenvalues of M m and M n respectively. Then 

the mn  eigenvalues of F are 1 +  piA,- -j- /?2a j +  Psk&j  (see Bellman 1970, pp.238). 

Graybill (1983) provided the explicit form of the eigenvalues of a n x n Toeplitz 

m atrix with bandwidth 3 (which has constant diagonal, the element eg depends 

only on (?’ — j )  and the elements are zeros beyond the minor diagonal). The 

eigenvalues of M n are 2cos ( )  for i =  1 , . . .  , n  and hence the eigenvalues of F 

are

k j  = 1 + 2 p i cos( lA ) + 2p2cos( )  +  4p3cos( ^  ■■■■)cos( )  
m +  T r? +  1 m  +  1 n +  1

for 1 =  1, . . .  , m  and j  =  1 .. .. . n. The m atrix F is positive-definite if and only if

A,y > 0. For large m  x n lattices, a sufficient condition for the positive definiteness

of r  is 2(1 pi | +  | p2 !) +  4 | p3 j< 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 m atrix F  (described earlier) can be 

expressed in the form of F = I +  6 W  for all cases, where the elements upj of W  

take values of or exp (—df, ) for i ^  j  and zero for i = j  with no neighborhood 

constraint: while for 1st or 2nd neighborhood constraints, ity7 is zero beyond 

these 1st or 2nd neighbors. The alternative correlation m atrix  F  has a closed 

form for the eigenvalues when using 1st or 2nd neighborhood constraints, but 

has only a numerical solution for the m atrix with no neighborhood constraint. 

Assume that q x, . . .  , o \ are the eigenvalues of W . Thus the eigenvalues of F  are 

1 +  1 +  6a2, . . .  , 1 +  Bajy. The eigenvalues of the cases under B  are listed in

Table 4.1.

4.2 .2  R egular rectan gu lar la ttice  w ith  holes

For the symmetric first order .Sp.^oo in Figure 4.1 (la ) and second order 

S P-,PlplPl in Figure 4.1 (2a) schemes as an illustration, the correlation m atrix F
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can be rew ritten as F = I+  p W . Assume tha t Ax,. . .  , A _v are the eigenvalues of 

W  and the largest and smallest of Ays are respectively denoted by Xmax and Xmra. 

Thus the eigenvalues of F  are 1 +  pXi, 1 +  pA2. . .. , 1 +  pAv. We discuss the 

following situations:

1. If —l/Xmax < P < ~l/An-nr,Wmm < 0 and Xmax > 0. then all eigenvalues 

of r  are positive and hence F is positive-definite. W  is symmetric, and 

so is r .  But we want —1 < p < 1, so tha t the constraint is modified to 

max( — 1, — 1/Xmax) < P < m.in ( l ,— 1/Amm).

2. If p < - l / A mm,Amm <  0 and Xmax < 0, then - 1  <  p < m m ( l , - l /A rai„).

3. If - 1 / X max < p, Xmin > 0 and Xmax >  0, then m a x ( - l , - l j X max) < p < 1.

For the other schemes, when the correlation m atrix is a sparse m atrix, 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 M eth od  of M om ent E stim ation

In the Phase 1 model (4.1), we only consider p., =  p for ly. so there are 

at most 6 param eters, namely p, uk  pi, p2, ps- P4 to be estim ated for case (2e) 

under A  in Section 4.1. We discuss two methods of estim ation for those 6 or fewer 

parameters.

A. There are several methods of param eter estim ation, but the m ethod of 

moment estim ation (MOME) is commonly used. We first use MOME. Estimates 

of pi’s change from (la) to (2e). The MOME estim ates for the correlation schemes 

(2e) with all four of the pi's different in the correlation m atrix  F =  I  -f px H  -f
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p2V  + p3 C U  + p4 CW., are defined by

^  // ir I

P =  ;=  y7 5 3  5 3  i n  eh
Si —1 So — 1

d 2

pi

N $1=1 S2 = l
(Y -  Y l) 'H (Y  -  Y l) /i

Er=x E i i  u- a 2

cr-2 Y'iV r'JV pO'-l) j.
L-ji— i Z-j?=i mj

m  't-£i

y E E k « v - 7 j2 i4-5)

-J2 E ; f i  E ;= i  %
(Y -  F l)'V (Y  -  Fl) _ 72

P2 — „ „ ar _,?v T . — -9  (d.f

_  ( Y - F i r c f ' - 2' ( Y - F l )  %

where n,-’s are the number of sample points for s t =  1 , . . .  , m, iV =  E ”=i ni- 

i  =  ( l . . .  , i y .  h ,  and V  respectively denotes (0,1) matrices for vertical, hori­

zontal neighbors, and C '1* and denote the corresponding matrices for corner 

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

Note tha t the expected values denoted by £  are:

1 f i
£ (p) ~  i j  5 3  5 3  £ iY(^2)] =  Tt 5 3  5 3  m  =  p
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where

a = ^ E E ^ E E ^ E E E ' + p . E E 4'
? j  % j  i i  * J

-4 ( , )  =  EX>*-4:.
i= 1 A-=l

-4(2) =  E E ^ ..fai 11 rfff f ii irt*

8=1 A=1

-a " '- 2’ =  E E E ' " 2i-4‘ .*'  =  3.4,
i= l A—1

N N

A l  =  1 +  p i  HlJ + P2Y 1  Vv +  ^ E  C >
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u
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'  h+^EE’
=i j=i
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N

N

N
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EXE A
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i=i i^j

i j  V x J — P  )
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(T2 A ,
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5[ti] = e (Y -  y i y H ( Y  -  y i )  

E f= i E jL l R i:i
i

— £[(Y — / i l ) 'H(Y — f i l )  — 2(Y — / i l ) 'H (F l  — p i )  
E?:=i E j= i H-ij
+ { Y 1  -  p l ) 'H ( F l  -  f i l ) ]

1

Y 'v Y Ar H -Lji=i L j j - \  lxv,
■£[Dy - 2  D 2 +  D 3]
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E E ^ w
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E E - ei
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_i=l /c=l
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N  N  N

n ) E  E + E  E  E  H^ y-
f  2=1  f c r r l  2 =  1  j ' z j z i  k —  1

£ [ Ds ]

N  N N  N

2=1 k =  1 2 = 1 fc=l

w  > ,  Q r ) }
j

<7

iV

\— '•■ v=JV rr
Z - u k - l  2 ^ = 1  t i lk l

N 2

E N  V '  \  II
k= l E t= 1 ***

N'2
E ,\ V~̂ A rr

M l k L ^ . 2  4
A/2

E < «  -  ?)
.2 =  1 .j=i

£[(**)]

The approximations for £(/$,;), i =  1 , . . . ,  4, using a first order Taylor series 

expansion are

£ ( t0  _  b ( 7 i ) - p i b ( a 2) _
A pO — c E 'E  ~  P*  ̂ TETTrw  =  P*' +  M ESid-2) a 2 + b(a2) 
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where the subscript 1 of &i(p{:), i = 1 , . . .  ,4. denotes the first order Taylor series 

approximation to bias of /5,-.

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 A- i =  1.. .. ,4  for cases A resulted in

where a 2 is defined as before.

B. In the following , we investigate the MOME for cases B with the alternative

constraints. Once again, the alternative correlation m atrix does not affect the 

estimation of p and a 2. The moment estim ator of 6 is

(Y  -  E'(1)1 )/H (Y  -  y (1)l)

E L  E L  c r - v

where

1 H Y

•;=i Zm=i

Thus

correlation m atrix r = l T  $ W  for all cases, where the w ^ s  for i ^  j  might be di3k 

or exp (—df.;) for k = 1 , 2 w ith and without first and second order neighborhood

(4.10)
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where icy =  Wji and W{j= 0 unless plots i and j  are neighbors via neighborhood 

specifications and Wij=d~ik or e x p ( - d ^ )  if plots i and j  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. a 2 =  4, pi = 0.3, p-2 =  

0.15, p3 =  0.02, p4 =  0.01. The simulation gave the means of simulated /3,’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 

Pi 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 estim ating 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 tha t for 

scheme SPlP2P3Pi but the number of param eters are fewrer. The estimators of p 

and <t2 are based on all observations w ith equal weights and ignore distances (see 

Eqns. (4.4) and (4.5)). Hence, no benefit is derived from the different correlation 

schemes and so the estimates of those two yield the same ones for all schemes. As 

to the estimates of p-i, 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 m atrix 

H  in Eqn. (4.6) and the m atrix V  in Eqn, (4.7) are replaced by the m atrix 

W ^la) =  H + V .  In so doing, more information is taken into account for estim ating 

one spatial correlation param eter in horizontal and vertical neighbors instead of 

two parameters. Therefore, the estim ate 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 011 

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 PlP2P3f>3 assumes that p4 =  p3 and 

so the estim ated p3 for the neighborhood m atrix is

(Y - F l ) 'C ( Y  - F l )  _  73
P 3

<r \  \  t  p
L-ji=1 Z-jj-1 a

where C =C ^X̂ +  Cff2l denotes (0 ,1 ) matrices for corner neighbors.

<-d , 3 ) P3 0 -
a~

E iV  

?.=i

E;-=i E )= i Cii_A  _  2_A >
Y 2 N

Moment estim ation is the simplest method for estim ating parameters, but it 

can fail to produce a positive-definite T. To overcome the problem and to obtain 

more efficient estimators, maximum pseudo-likelihood estimators will be derived

in the following section.

4 .4  M axim um  P seu d o-L ik elih ood  E stim ators (M PL E )

To obtain maximu likelihood estimation, we assume that the N  observations 

(h i , . . .  , Y ^ y  have been drawn from a m ultivariate normal distribution, MVN[ 

jvx l, a 2 P  ]. Then the Gaussian likelihood of Y  =  ( I q , . . .  .Y'n )', under Phase 

1 assumptions, is

1
L ( p . c r 2.. p p i  =  1, . . .  ,4) =  (27rcr2) - JV/2| E 1- 1 /2 exp

2a2
( Y - p i y r ^ Y - p l )

where T  =  I +  p\ H +  pi V  +  p3 C (1̂  +  p4 Cff2b Then the log-likelihood of Y  is

l(p, a 2, pp 1 =  1 , . . . .  4) =  log (T(/r, a 2, pp  i =  1, . . .  , 4))

=  - j l o g ( 2 n d 2) -  ^Iog(\ r  |) -  ~ ( Y  -  p ^ ' T ^ i Y  -
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Maximizing with respect to p and a 2, we find that

1T _1Y  . 2 (Y - / i . l ) T _1(Y - / x l ]
P M L E  =  and a M L E  =I T  1 ' N

The log-likelihood then reduces to

l{}i,v2,pi\ i  =  1 . . . .  ,4) =  - y log{2ira2) -  ^/op(| T |) -  y

The exact maximum likelihood estimation for the p i s require evaluation of the 

determ inant and the inverse of the correlation m atrix  F and it 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 m ethod is used. The moment estim ates 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 likelihood 

is maximized with a positive-definite correlation m atrix constraint.

Let Ho and H a denote two hypotheses where Ho: all pps are zero vs. H a: not 

all pi's are zero. Thus the likelihood ratio (LR) statistic for testing the hypothesis 

is

likelihood ratio =  ■ r  1 T R ------ =  l r t
M/M * — 1, • • • ■ k .  P M L E ,  a M L E /

where p m le ,  ^MLEi and Pi-. * =  1, • • • -,k- denote the ML estim ators under Hq. If 

the null hypothesis for the LR test is a model of independence, p i s are zeros, 

then —2 log(lri) is y 2 distributed w ith the num ber of degrees of freedom given by 

additional param eters estim ated under H a.

For large samples, under H0. —2 log(iri) ~  xt-  where k is the number of 

quantities jointly estimated. At level a. if a- > p-value =  P r [—2 log(lrt) > y 2.(l — 

a)], then Hq is rejected. There is some evidence th a t 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 y 2 

approximation provides a reasonable guide for lattice situations. Brandsma, and 

Ketellaper (1979), however, suggest that the y 2 approximation is not satisfied for 

non-lattice situations.

4.5 R esu lts  and D iscussions

To see the bias and standard deviation of MOMEs and MPLEs, a simula­

tion study was conducted. We also apply the moment estim ation and maximum 

pseudo-likelihood estimation to real data for the Siuslaw Forest.

4.5.1 R esu lts  for sim ulated  data for artificial or real locations

A simulation study was conducted to examine the behavior of moment es­

tim ation for parameters. Table 4.3 displays the means, standard deviations and 

bias of estim ated parameters for 10,000  realizations from the  process with the true 

values of p =  5, u 2 =  4 ,pi =  0.4, p2 =  0.2, p3 =  0.0-5. The bias approximation 

is not good in 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 fy and f>{ for the 

10,000 realizations. From Table 4.4. we note tha t the bias of y,; is close to the true 

bias calculated by the formula, but the &i(/5y) bias approximations do not work 

wrell for small lattices.

For comparison of MOME and MPLE methods, 6,000 realizations for dif­

ferent size lattices and different param eter values were generated and then for 

each realization moment estim ates 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  R eal data

There is an isolated 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 £ ? =1 £ f =1 H ,  =  414, £ f =1 E  =  400, E i l r  £ f= i  E  =  752,

E m i  E j U  =  374, E t i  Ey=i =  378. In Section 3.5, we pointed out 

tha t for Tba 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 th a t 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 Tba data fitted 

by model (4.3).

We examine the model In two ways, w ith and without the isolated plot. The 

results for moment estim ation are summarized In Tables 4.6-4.11. The differences 

in results between Tba data with and without the isolated plot are hardly noticed. 

T h a t’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 th a t in scheme SPlP2PsPi with N  =  312 

the estimates of p,- are respectively pi = — 0.0146, p2 =  0.0320, p3 =  0.1802, and 

p4 =  0.1170. As mentioned in Chapter 3 for sample correlations, spatial coeffi­

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

neighbors. An im portant property of the m atrix  F  is the positive definiteness
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exhibited by all estimates of p; for Tba by MOME in Table 4.10. From Ta­

ble 4.6. under correlation schemes (2d) and (2e) we note that the MOME esti­

m ate of spatial dependence p4 is close to zero and cpiite different from the other 

estim ated p i .  Thus it might not be good to treat all p t equal like we did in 

scheme (2a). Table 4.7 summarized the MOME estimates for Ms: we can see 

tha t ^  = 0.0391. p2 =  0.0287, p3 =  0.0229, and p4 =  0.1220. The comer 

neighbors have the strongest spatial dependence. W ith distance-related spatial de­

pendence function we expected tha t farther neighbors have less correlation than 

closer neighbors. But the MOME results of MiS contradict this, suggesting tha t a 

spatial correlation function that decays with increasing distance may be invalid.

Table 4.12-4.17 summarized the result of PMLE for M, Ms, Lt, L ts, Tba, 

and Tbas. In order to obtain PMLE, normality is assumed. For Tba, 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 pt :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 MVN model. 

The PMLE estimates for M, shown in Table 4.13 are similar to MOME estimates. 

Both MOME and PMLE for pfis of M6. point out tha t the distance-related spatial 

dependence function doesn’t work well for Ms data.

The results of distance-related correlation schemes (i.e. cases B) for Tba are 

summarized in Table 4.18. We note tha t the estim ates of 9 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 estim ates of 

9s are the same for (4b) with k = 1 and k = 2. But the estim ated correlation of 

first order neighbor (2a) is p,j =  9d~-K. for i yf j  (k =  1,2), and the maxim um  of 

Pij = 0.0060, the same as those of (4a). The estimates coincide with the estim ates
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of case A (la ), S PlPiOo (see Table 4.16 (la)). Distance-related correlations don’t 

benefit tlie estim ation of correlations because the neighbors are equal-distance un­

der schemes (2) and (4) with a 1st order neighborhood constraint. W ith distance- 

related correlations (1) and (3) of case B  use all the neighbors, but combining one 

param eter with known distance functions compromises the balance of more infor­

m ation 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 Tba the spatial correlation for corner neighbors are larger 

than those for the horizontal and vertical neighbors. A distance-related correlation 

is not compatible w ith this situation and so it might jeopardize the predictions 

for Tba.

4.5 .2 .1  M odel se lection

Arranging the observations in sequence is very im portant to minimize ac­

cumulated prediction errors, and is difficult to generalize in the spatial context. 

A reliable model selection criterion is 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 dem onstrate 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 tim e 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 Bayesian information criterion (BIC). The criteria are:

AIC (p. a 2) =  — 2/(/}, a 2, pp i =  1 , . . .  , k) +  2(k +  1)

AICC (/}, a 2) =  - 2  /(/}., a 2, pp. k) + 2(k +  l)A7(Ar -  fc -  2)

BIC ( p . a 2) = — 2/(/}., a 2, pp * — 1 , . . .  , k) +  (k -f l ) ln{N)

where l(p..a2. pp.i =  1 . . . .  , k) =  —~log{2-(j2) — \log{ \ F j) — 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 h bootstrap samples, estimates the model for each and 

then applies each fitted model to the original sample to give b estim ates of pre­

diction error. The estimate of the overall prediction error is the average of these b 

estimates. The observations y,-’s are treated as assumed i.i.d components, which is 

not necessarify 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 yps should 

not be treated as independent samples.

A semiparametric bootstrap m ethod does consider spatial dependence among 

the data. Suppose spatial data  follows the linear model

Y  =  n  + B e  (4.12)

where Y  =  {Yu  . . .  , YN )', f i= (p u  . . .  , pw)b F  =  I + Pl H + p 2 V + p 3 CY>+p4 CT2) =

B 'B .  £ ~  MVN(0, a 2 I). The model can be expressed as

jv

Yi =  p A rriij(Yj — p) s,;,i = 1 , . . .  . N.
id®
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where J5_1 =  I — M  and M  = (ra,-j).

If a symmetric and positive-definite estimator F of F  has been obtained from 

the data, it can be decomposed as the matrix product F  =  B'B. From (4.12). 

define

( A , . . .  , i N ) = s = J3_1(Y -  fi),

and — ( S A=i 0 ; * =  1, • • • ■> IF. Instead of resampling from the observa­

tions yds, the assumed i.i.d components £,• are bootstrapped. For each bootstrap 

sample srff transform ation back to the y,- is calculated by

Y* =  f i+ B s B

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 estim ate the overall prediction error.

In leave-one-out cross validation (1CV) which is k-fold cross validation with 

k = l,  one observation is om itted at a tim e in tu rn  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 AT predictions is the estim ate 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 estim ation 

procedure for different correlation m atrix  schemes. The means and standard de­

viations of the estim ated param eters for 30 bootstrap samples were computed to 

get a better idea about the error range of the estim ated 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 estim ation procedures for different correlation 

schemes. The RMSEs of Tba fitted by spatial model (4.3) were estim ated using
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1-fold cross-validation for those 33 plots with all 8 neighbors. For Tba, the esti­

mated RMSEs for model (4.3) with different correlation schemes ranged from 19.6 

to 20.1. The model with correlation scheme SPlPlPSP3 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 Sfllporj,Pi 

go up again. To balance reduction of RMSE and simplicity of models, the model 

(4.3) with correlation scheme S PlPlp.2P2 wras selected for the Tba data.

To estim ate 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 bootstrap 

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 tha t several oh fall outside 

the band. So the semiparametric bootstrap m ethod 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 T bas, a possible 

explanation for the large num ber of zeros might be the fact tha t 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 m ixture 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 m ixture models for count data such as mortality, m ortality of 

seedlings, number of large live trees (Tba), and Tba of seedlings.

4 .5 .2 .2  C onclusions

The simple spatial model distributional assumption; it models only first and 

second order moments. Yet it is adequate to enable us to define a simple pre­

dictor introduced in Chapter 5. Among the six responses, all except for Tba are 

clearly nonnormal. Various transformations, such as power and three-param eter 

lognormal were tried on the data with limited success. D ata tha t 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 m ultivariate 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 Tba data, there is not much difference among the EMSEs 

obtained from various model selection criteria. Therefore, we chose the model 

with the minimum AICC value for Tba data, i.e. the model with the correlation 

m atrix scheme S PlPlPAPs, pi =  p -2 = 0.0027 and p^ =  p4  =  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 Tba data, the simple 

bootstrap may be not reliable. As shown in Figure 4.5, in spite of the fact tha t 

the simple bootstrap prediction errors for each plot are lower than those of the
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semiparam etric 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 m ethod since it is 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 011 the 1.7-mile grid. Distance-related correlations can be used to 

overcome this problem, we investigate distance-related correlation schemes in the 

next chapter.
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Figure 4.1: The correlation m atrix schemes
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P i  P2d P i P i p i  p i
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Table 4.1: The eigenvalues of F for m x n lattices

Eigenvalues Atj

'SpiPiOO 1 +  2plQ.[co,s(m̂ 1) +  cos(n̂ x)]

^ P1 P2 OQ 1 +  2[piCos(^~) +  pocos(-^i)}

9J pi pi pi pi l  + 2P2a[cos(,;tT+1) +cos(,i+1) +  2co.s(^;i )cos(n7+1)]

q°Pi Pi PpPi 1 +  2[/>la(cos(m'+1) +  c o s ^ J )  +  2 p2 bc o s { ^ 1)cos{ ^ 1)]

^  Pi P2P3P3 1 +  2[Plc o s { ^ )  +  p2c o s ( ^ I ) +  2pcc o s { ^ l ) c o s ( ^ I )]

^  PiPlPoPi 1 +  2Lp2d(cos( mg1) + COS( ri_L'x )) +  T.-| +  n+i) +  P4C0s(m^i n+1)]

‘-’P1P2PSP4 1 +  2[Pl{cos( mT+l) +  cos( nJ+1)) +  p3cos( +  nJ+1) +  p4cos{ r;+1)]
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Table 4.2: The eigenvalues of alternative correlation schemes of F  for rn x n lattices

E igenvalues A,:j

(1 ) k  =  1 no closed fo rm
(1) k =  2 no  closed fo rm

(2a) k =  1 
(2a) k =  2

1 +  127% o . s ( j ; i ) + c o . s ( r(+ 1 )j

(2b) k = 1 
(2b) k =  2

1 +  +  C0S(rU  l )  +  V ^ C O ^ ^ J c o K .Z + i ) ]  
1 +  (1.7)3 0[cos{ ) +  cos(^+1) T  cosi mr+1) cos( )]

(3) k =  1 n o  closed fo rm
(3) k =  2 no closed form

(4a) k =  1 

(4a) k =  2
1  +  e x p ( 1 . 7 ) 0 iC O S( m  + l )  +  C 0 S ( n  +  l ) ]

1  +  e ^ ( ( 1 . 7 ) 3 )  0 [C O SU : + l  ) +  « * ( „ + !  )J

(4b) k =  1 
(4b) k =  2

1  +  e * p ( l  . 7 ) e [C 0 S ( m l l )  +  C 0 S ( n + l . )  +  ^ C 0 S ( m + 1  W  n+1  ) ]  

1  +  e rp ( ' ( i " . 7 ) 2 ) l9[C O S ( m + r )  +  C 0 S ( n + l )  +  C O S ( m + l  ) C 0 S ( „ + l i ]
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Table 4.3: The means and standard deviations of 10,000 estim ated param eters
from the 10.000 realizations with p =  5, a2  =  4, pi =  .4, p2 =  -’2, pz = .05 for the
artificial or real locations points

~  •->

4 Pi P2 h3
mean mean mean mean mean
(s.d.) (s.d.) (s.d.) (s.d.) (s.d.)
b{fi) b { a 2) h ( p i ) h  i h ) M p 3)

artificial 5 points 5.0029 2.7017 -0.0626 -0.2611 -0.3700
(1.136.3) (2.0419) (0.4884) (0.6159) (0.4168)
0.0000 -1.3600 -0.3445 -0.4500 -.4894

real 5 points 4.9997 3.0556 NAd -0.1518 -0.2503
(0.9716) (2.1711) (NAd) (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 -0.0177 -0.0217

real 190 points 4.9994 3.9629 0.3753 0.1793 0.0392
(0.196.3) (0.459-5) (0.0837) (0.0917) (0.0738)

real 319 points 4.9980 3.9743 0.3808 0.1845 0.0436
(0.1549) (0.3-597) (0.0629) (0.0722) (0.0567)
0.0000 -0.0239 -0.0048 -0.0057 -0.0065

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

d  ”NA” indicates the estim ate p i  is not available because there is no first-order horizontal 
neighbor among the first five sam ple 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 estim ated parameters
from the 10,000 realizations with p =  5, a 2 =  4, px — .3, p2 = .15, pz =  .02, p4  =
.01 for the artificial points

P
m ean
(s.d .)

p. +  b{p )

~ n Cri­
m ean  
(s.d .) 

a 2 +  b ( a 2)

Pi
m ean
(s.d .)

P i +  h { p i )

P'2
m ean
(s.d .)

P2 +  h ( p 2 )

P3
m ean
(s.d .)

P s +  b\  ( p s )

h
m ean
(s.d .)

P4 +  b1 (f>4)

3x2 5.0162
(1.0140)
5.0000

2.9779
(1.9605)
-1 .0467

-0.0401
(0.4206)
-0 .2718

-0.1661
(0.5380)
-0 .3012

-0 .3096
(0.5913)
-0 .3721

-0.3236
(0.5957)
-0 .3734

10x10 5.0046
(0.2692)
5 .0000

3.9268
(0.6203)
3 .9257

0.2801
(0.0958)
0 .2862

0.1309
(0.1085)
0 .1336

-0.0021
(0.1196)
0.0006

-0.0101
(0.1174)
-0 .0097

H i t )  
M t  x)

b ( l 2 )

K (  72)

b  (7 3 ) 
b A  7 3 )

H i'4) 
bs {.7 4 )

3x2 -1 .1167
-1 .1395

-1 .0466
-1 .0898

-1.1200
-1 .1287

-1 .1133
-1 .1060

10x10 -0 .0807
-0 .0767

-0.0773
-0 .0756

-0 .0814
-0 .0779

-0.0741
-0 .0779

&(.) denotes the true bias of estim ators, 6i (.) denotes the bias from Taylor approxim ation through 
first order, and bs(.) denotes the bias from  the m eans of 10,000 estim ated param eters.

Table 4.5: The means and standard deviations of 6,000 estim ated parameters from 
the 6.000 realizations with p =  5, a 2 = 4. P\ — .3, p2 =  .15, ps — .02, p4 =  .01 for 
the artificial points

......  ^ ~ 0
--------------- -------;------- -------------------n

p a " Pi P2 P3 P4
m ean m ean m ean m ean m ean m ean
(s.d .) (s.d .) (s.d .) (s.d .) (s.d .) (s.d .)

3x2
M O M E 5.0060 2.9436 -0 .0405 -0.1460 -0 .3218 -0.3319

(1.0126) (1.9417) (0.4188) (0.5401) (0.5945) (0.5960)
P M L E 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

M O M E 5.0021 3.9405 0.2801 0.1298 -0 .0015 -0 .0117
(0.2689) (0.6067) (0.0958) (0.1085) (0 .1168) (0.1176)

P M L E 5.0016 3.8328 0.2545 0.1170 -0 .0046 -0 .0137
(0.2682) (0 .5583) (0.0682) (0.0936) (0 .0912) (0.0910)
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Table 4.6: Moment estim ates of p, a2, p2, p3. and p4  for tbe M data under the
correlation schemes ( la )-(2e)

The number of plots 
(N=

with the isolated plot
=313)

p
A

a h h h P a

(la) 62.75 4536.76 0.1534 0.1534
(lb) 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
(2c) 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 u 'ithout the isolated plot
(N==312)

A A 2 
a h h h P a

(la) 62.89 4544.73 0.1532 0.1532
(lb) 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
(2c) 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) 62.89 4544.73 0.1361 0.1709 0.1180 -0.0262

The correlation matrix schemes are

(la) p2 =  pu p3 = Pi =  0, (16) pi #  p2, P3 — Pi =  0,
(2a) pi = p1, i  = 2. 3 ,4 , (26) p 2  =  P i ,  P 3  = P i ,

(2c) p i  #  p2, P a  =  P 3 - ,  (2d) p -2 =  P i, P 3  #  d r ,

(2e) />,-,*= 1 .. . .  ,4.
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Table 4.7: Moment estimates of p, a2, pi, p2, p3. and p4 for the Ms. data under
the correlation schemes (la )-(2e)

The number of plots
(N=

with the isolated plot 
=313)

p ^ 9a~ h h Pz h

(la j 12.54 1633.88 0.0341 0.0341
(lb) 12.54 1633.88 0.0393 0.0287

1 (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
(2c) 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 w ithout the isolated plot
(N=-312)

h
A 9a h h Pz P a

(la) 12.58 1638.62 0.0340 0.0340
(lb ) 12.58 1638.62 0.0391 0.0287
(2a) 12.58 1638.62 0.0525 0.0525 0.0525 0.0525

I (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
(2e) 12.58 1638.62 0.0391 0.0287 0.0229 0.1220

The correlation matrix schemes are

( l a )  p -2 =  P i ,  P z  =  P i  =  0, ( lb )  p i  =4 P 2 , P 3  =  P i  =  0.

(2a) pt = pi, i =  2, 3. 4, (26) p2 = Pi, 9 3  =  p4,
(2c) pi #  p2, Pa =  9 3 , (2d) p-2 = p\, 9 3 ^  Pa,
(2e) pi, i — 1 ,.. . , 4■
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Table 4.8: Moment estimates of p. cr2, p1: p2. pz, and p4 for the Lt data under the
correlation schemes (la)-(2e)

The number of plots
(N=

with the if 
313)

M ated plot

P
* 9a Pi h Pz Pi

(la) 367.64 72091.52 0.1067 0.1067
(lb) 367.64 72091.52 0.0947 0.1190
(2a) 367.64 72091.52 0.0760 0.0760 0.0760 0.0760
(2b) 367.64 72091.52 0.1067 0.1067 0.0429 0.0429
(2c) 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
(2e) 367.64 72091.52 0.0947 0.1190 0.0727 0.0133

The number of plots w thout. the isolated plot
(N= 312)

P b 2 h h Pz h
f (la) 367.36 72298.19 0.1064 0.1064

(lb) 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
(2c) 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 )  P 2 =  P i ,  Pz — Pa — 0, (1&) P i  ^  P 2 , Pz =  P a ~  0,

(2a) p t =  p i ,  i =  2,3-4, (26) p 2 =  p i ,  p z  =  Pa,

(2c) pi /  p 2, p 4 =  pz-  ( 2 d )  p 2 =  pi, p s jL p 4 ,

(2e) pi,i  = 1 ,.. . ,4.
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Table 4.9: Moment estimates of p. <r2, pv, p2, pz. and p4 for the Lts data under
the correlation schemes (la)-(2e)

The number of plots u ith  the isM ated plot
(N=313)

P
~ 2 a ■ Pi P2 h h

(la) 200.84 128986.53 0.2654 0.2654
(lb) 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
(2c) 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
(N=312)

P d 2 Pi p 2 Pz h
(la ) 198.81 128113.63 0.2671 0.2671
(lb ) 198.81 128113.63 0.2315 0.3040
(2a) 198.81 128113.63 0.2402 0.2402 0.2402 0.2402
(2b) 198.81 128113.63 0.2671 0.2671 0.2101 0.2101
(2c) 198.81 128113.63 0.2315 0.3040 0.2101 0.2101
(2d) 198.81 128113.63 0.2671 0.2671 0.3982 0.0261
(2e) 198.81 128113.63 0.231-5 0.3040 0.3982 0.0261

The correlation matrix schemes are

(la) p2 = pi, P3 = Pa =  0, (16) pi + p2 , Pz -  Pr =  0.
(2a) p-i -  p1, i =  2,3,4. (26) p2 = p1, p3 = p4,
(2c) pi p2j p4 =  p3. (2d) p2 =  pi, pz #  P4,
(2e) pi, i =  1 , . . . .  4.
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Table 4.10: Moment estimates of p, a2, p1; p2. pz- and p4 for the Tba data under
the correlation schemes (la)-(2e)

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

A * 2 a Pi h h Pi
(la) 43.50 590.40 0.0083 0.0083
(lb ) 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
(2c) 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) 43.50 590.40 -0.0147 0.0322 0.1808 0.1173

The number of plots udthout the isolated plot
(N==312)

A A 2 a Pi h pz Pi
(la) 43.47 592.06 0.0083 0.0083
(lb ) 43.47 592.06 -0.0146 0.0320
(2a) 43.47 592.06 0.0756 0.0756 0.0756 0.0756
(2b) 43.47 592.06 0.0083 0.0083 0.1484 0.1484
(2c) 43.47 592.06 -0.0146 0.0320 0.1484 0.1484
(2d) 4-3.47 592.06 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) p -2 =  P i * p z  =  Pa =  0, (Id) p i  ^  p2, p z  =  P i  =  0,
(2a) p t =  p i ,  i =  2, 3, 4, (26) p 2 =  Pi, P3 =  Pi ,

(2c) pi #  p2, p4 =  p3. (2d) p2 =  Pi, P3 ^  P4,

(2e) p i ,  i = 1 .. . .  . 4 .
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Table 4.11: Moment estimates of p, a2. pi, pi, ps, and P4  for the Tbas data under
the correlation schemes (la)-(2e)

The number of plot•s with the isolated plot 
=313)

p  ̂9
h P2 h h

(la) 0.23 0.27 0.2701 0.2701
(lb ) 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
(2c) 0.23 0.27 0.2243 0.3175 0.1713 0.1713
(2d) 0.23 0.27 0.2701 0.2701 0.3537 -0.0092
(2e) 0.23 0.27 0.2243 0.3175 0.3537 -0.0092

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

h a 2 h h h h
(la) 0.23 0.26 0.2726 0.2726
(lb) 0.23 0.26 0.2264 0.3203
(2a) 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
(2c) 0.23 0.26 0.2264 0.3203 0.1725 0.1725
(2d) 0.23 0.26 0.2726 0.2726 0.3568 -0.0099
(2e.) 0.23 0.26 0.2264 0.3203 0.3568 -0.0099

The correlation matrix schemes are

(la) p -2 = pi-, p3  = Pa = 0, (16) p i  P 2 -, P3 = P i  =  0.

(2a) pi = p i ,  i -  2, 3,4, (26) p 2 =  Pi, p s  = Pa-

(2c) pi #  p2 ; Pa =  P3, (2d) p -2 = pi, p3 ^  p4,
(2e) P i , i -
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Table 4.12: Maximum Pseudo-likelihood estimates (PMLE) of p, a2, px. p2, ps,
and p4  for the M data under the correlation schemes (la)-(2e)

The num ber of plots w ith the isolated plot (N=313)
A -  V<7" h h P3 Pa P-

value
AIC AICC BIC

(la ) 63.0 4533.55 0.1600 0.1600 0.001 3-516.08 3516.12 3523.57
(lb ) 63.0 4533.79 0.1620 0.1582 0.003 3518.08 3518.16 3529.32
(2a) 63.4 4545.52 0.1250 0.1250 0.1250 0.1250 0.001 3517.11 .3517.15 3524.60
(2b) 63.4 4613.25 0.2122 0.2122 0.0946 0.0946 0.001 3515.08 3515.16 3526.32
(2c) 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 4615.17 0.2074 0.1982 0.2133 0.0098 0.001 3512.92 3513.0-5 3527.91

The num ber of plots w ithout the isolated plot (N=312)

A CT“ Ai h As P a P-
value

AIC AICC BIC

(la ) 62.2 4541.85 0.1602 0.1602 0.001 3505.37 3505.37 3-512.85
(lb ) 62.2 4-542.11 0.1623 0.1583 0.003 3507.36 3507.44 3518.-59
(2a) 63.6 4553.32 0.1250 0.12-50 0.1250 0.1250 0.001 3506.38 .3506.42 3513.87
(2b) 63.5 4631.84 0.2115 0.2115 0.0917 0.0917 0.001 3494.01 3494.09 3505.23
(2c) 63.7 4627.43 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 3-517.17
(2e) 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

(la) p-2 =  />i, Ps = Pa -  0, (16) pi =4 p2, p3 = p4 = 0, 
(2a) pi =  />i, i =  2, 3,4, (26) p2 =  />i, p3 =  p4.
(2c) p i ^ p 2, p 4 = ps. (2d) p2 = pi, ps p4,
(2e) />,M =  1 , . . .  ,4-
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Table 4.13: Maximum Pseudo-likelihood estimates (PMLE) of p. a2. px. p2, p3,
and p4  for the Ms data under the correlation schemes (la.)-(2e)

The num ber of plots w ith the isolated plot (N=313)
P

- 0 
( 7 ~ Pi h P3 h P-

value
AIC AICC BIG

(la ) 12.6 1633.66 0.0301 0.0301 0.52 3207.64 3207.68 3215.13
(lb ) 12.5 1633.77 0.0402 0.0202 0.80 3209.61 3209.69 3220.85
(2a) 12.6 1632.08 0.0405 0.0405 0.0405 0.0405 0.21 3206.48 3206.52 3213.97
(2b) 12.5 1631.71 0.0186 0.0186 0.0583 0.0583 0.40 3208.22 3208.30 3219.46
(2c) 12.5 1632.37 0.0378 0.0022 0.0600 0.0600 0.58 3210.09 3210.22 3225.07
(2d) 12.6 1645.61 -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 3222.94

The num ber of plots w ithout the  isolated p lo t (N=312)

P
~ 2

h h P s h P-
value

AIC AICC BIC

(la ) 12.6 1638.40 0.0302 0.0302 0.52 3198.31 3198.34 3205.79
(lb ) 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
(2c) 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
(2e) 12.6 1652.91 0.0027 -0.0578 -0.0125 0.1752 0.39 3198.61 3198.74 3213.58

T h e  c o rre la tio n  m a tr ix  schem es are

( la )  p 2 =  P i, Ps  =  P i  =  0, (16) p i  =4 p 2, p s  =  P 4  —  0,

(2a) p i  =  p u  i  =  2 .3 .4 ,  (26) p 2 =  p i -  p s  =  P n

(2c) p i  ^  p 2, P a  =  Ps-. (2d) p 2 =  p i ,  p 3 #  P4,

(2e) P i , z =  1 , - . .  ,4 .
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Table 4.14: Maximum Pseudo-likelihood estim ates (PMLE) of p, a2, pi, p2; P3 -,
and p4 for the Lt data under the correlation schemes (la)-(2e)

The num ber of plots w ith the isolated plot (N=313)
P cH P i P i h f>4 P-

value
AIC AICC BIC

(la ) 366.7 71900.7 0.0815 0.0815 0.06 4389.8 4389.8 4397.3
(lb ) 366.7 71895.3 0.0769 0.0855 0.17 4391.8 4391.9 4403.0
(2a) 367.9 71924.5 0.0591 0.0591 0.0591 0.0591 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 4391.4 4402.6
(2c) 367.3 71907.9 0.0807 0.0921 0.0326 0.0326 0.26 4393.3 4393.5 4408.3
(2d) 367.2 71882.7 0.0847 0.0847 0.0551 0.0038 0.24 4393.1 4393.3 4408.1
(2e) 367.1 71877.5 0.0739 0.0936 0.0581 0.0017 0.37 4393.1 4393.2 4408.1

The num ber of plots w ithout the isolated plot (N=312)

A
-. O(7~ P i h h P i P- AIC AICC BIC

value
( ia ) 366.4 72109.5 0.0817 0.0817 0.06 4376.7 4376.7 4384.1
(lb ) 366.4 72103.9 0.0770 0.0857 0.17 4378.7 4378.7 4389.9
(2a) 367.6 72133.5 0.0593 0.0593 0.0-593 0.0593 0.07 4377.0 4377.0 4384.4
(2b) 367.2 72345.7 0.0872 0.0872 0.0321 0.0321 0.13 4365.1 4365.2 4376.4

1 (2c) 367.0 72117.5 0.0809 0.0923 0.0326 0.0326 0.26 4380.2 4380.3 4395.2
(2d) 366.8 72092.2 0.0849 0.0849 0.0552 0.0038 0.24 4380.0 4380.1 4395.0
(2e) 366.8 72087.0 0.0741 0.0938 0.0582 0.0016 0.37 4380.0 4380.1 4395.0

The correlation matrix schemes are

(la) p -2 =  p i ,  p3 = p 4 = 0, (lb) p i  /  p 2, P3 =  P4 =  0, 
(2a) pi = px, i =  2,3,4, (26) p2 =  Pi, p3 =  Pn 
(2c)  p i ^ p 2 , p 4 =  p 3 . (2d) p 2 =  pi, p3 ^  Pa,

(2e) p i , i -  1 , . . .  .4.
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Table 4.15: Maximum Pseudo-likelihood estimates (PMLE) of p. a2, pu p2, ps,
and p4  for the L ts data under the correlation schemes (la)-(2e)

The num ber of plots w ith the isolated plot (IT=313)
P

-  V
cr~ P i P 2 P3 P4 P-

value
AIC AICC BIC

(la) 200.4 127534.31 0.2029 0.2029 0.00 4552.3 4552.3 4559.8
fib ) 201.3 127942.09 0.1287 0.2768 0.00 4553.0 4553.0 4564.2
(2a) 204.8 121901.22 0.12-50 0.1250 0.1250 0.1250 0.00 4546.6 4546.6 4554.1
(2b) 206.0 128222.78 0.2458 0.2458 0.1766 0.1766 0.00 4542.8 4542.9 4554.1
(2c) 206.1 128241.87 0.2241 0.2775 0.1701 0.1701 0.00 4544.2 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
(2e) 204.6 125009.59 0.2012 0.2555 0.2466 0.04-34 0.00 4537.9 4538.0 4552.8

The num ber of plots w ithout the isolated plot (N=312)

P cr" P i P2 P 3 P4 D- AIC AICC BIC
value

(la) 197.4 126584.84 0.2022 0.2022 0.00 4535.6 4535.6 4543.0
(lb ) 198.3 126975.98 0.1291 0.2751 0.00 4536.2 4536.3 4547.4
(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 0.1958 0.1958 0.1958 0.00 4525.2 4525.2 4532.6
(2b) 201.9 127629.79 0.2448 0.2448 0.1753 0.1753 0.00 4512.6 4512.7 4523.8
(2c) 202.2 127190.08 0.2223 0.2757 0.1691 0.1691 0.00 4527.5 4527.6 4542.5
(2d) 200.5 122737.68 0.2000 0.2000 0.2561 0.0281 0.00 4521.8 4521.9 4536.8
(2e) 200.8 123973.03 0.1996 0.2536 0.2458 0.0418 0.00 4521.1 4521.2 4536.1

The correlation m atrix  schemes are

( la )  p 2 =  P i ,  p z  — p4 — 0, (16) p i  ^  p-2 , p z  =  Pa =  0,

(2a) pi  =  p i , i =  2, 3, 4, (26) p 2 =  P i ,  Pz  =  Pa -,

(2c) p i  f t  p 2 , Pa =  p z , (2d) p 2 =  P i,  P3 #  Pi,

(2e) p^ z =  1 , . .  . , 4.
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Table 4.16: M aximum Pseudo-likelihood estimates (PMLE) of p. a2. p1. p2. p2,
and 0 4  for the Tba data under the correlation schemes (la)-(2e)

The num ber of plots with the isolated plot (N=313)
A

*>c~ P i h fa Pa P-
value

AIC AICC BIC

1 (la ) 43.50 590.39 0.0060 0.0060 0.89 2889.42 2889.46 2896.92
(lb ) 43.56 590.75 -0.0312 0.0414 0.84 2891.08 2891.16 2902.32
(2a) 43.56 590.64 0.0790 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
(2c) 43.63 588.41 -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 2883.71 2898.57
(2e) 43.64 590.41 -0.0292 0.0366 0.2105 0.0749 0.03 2882.60 2882.73 2897.58

The num ber of plots w ithout the isolated plot (N=312)
P cr“ P i h fa Pa P-

value
AIC AICC BIC

(la ) 43.47 592.05 0.0060 0.0060 0.89 2889.42 2889.46 2896.92
(lb ) 43.53 592.42 -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 2885.04 2885.08 2892.53
(2b) 43.41 587.94 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 0.1389 0.1389 0.02 2884.02 2884.15 2899.01
(2d) 43.51 591.35 0.0052 0.0052 0.2023 0.0799 0.02 2883.58 2883.71 2898.57
(2e) 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 =  p i , P3 = P4 = 0, {lb) pi p-2, p3 = pi  =  0,
(2a) pi =  />!,?; =  2, 3,4, (26) p2 = pi, P3 = Pa,
(2c) p1 ^ p 2, p A = p3 , (2d) p2 = pi, P3 r1 Pi,
(2e) P i , i  = 1 , . . . .  4.
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Table 4.17: Maximum Pseudo-likelihood estimates (PMLE) of p, a2, pi, p2, pz,
and p4 for the Tba.s. data under the correlation schemes (la)-(2e)

The num ber of plots with  the isolated plot (N=313)
P <tJ Pi h Pz Pi P-

value
AIC AICC BIC

(la ) 0.23 0.26 0.1764 0.1764 0.00 458.02 4-58.06 46-5.51
(lb ) 0.23 0.26 0.1225 0.2269 0.00 459.33 459.41 470.-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 0.00 451.49 451.57 462.73
(2c) 0.24 0.26 0.2195 0.2472 0.1390 0.1390 0.00 4-53.33 453.46 468.31
(2d) 0.23 0.26 0.2000 0.2000 0.2360 -0.0101 0.00 446.07 446.20 461.06
(2e) 0.23 0.26 0.1927 0.2184 0.2326 -0.0045 0.00 445.94 446.06 460.92

The num ber of plots w ithout the isolated plot (N=312)
P (7~ Pi h h Pi p- AIC AICC BIC

value
(la ) 0.23 0.26 0.1757 0.1757 0.00 453.55 4-53.59 461.04
(lb ) 0.23 0.26 0.1228 0.2254 0.00 454.87 454.95 466.10
(2a) 0.23 0.25 0.1250 0.1250 0.1250 0.1250 0.00 449.-59 449.63 457.08
(2b) 0.23 0.26 0.2331 0.2331 ■0.1406 0.1406 0.00 446.63 446.70 4-57.84
(2c) 0.23 0.26 0.2173 0.2453 0.1375 0.137-5 0.00 448.94 449.07 463.91
(2d) 0.23 0.26 0.2000 0.2000 0.2347 -0.0103 0.00 441.58 441.71 456.55

I (2e) 0.23 0.26 0.1907 0.2167 0.2314 -0.0061 0.00 441.4-5 441.58 456.42

The correlation matrix schemes are

( la )  p 2 =  p i ,  p3  =  P4 =  0. ( l b )  p i  ^  p 2, p 3 =  P i  =  0,

( 2 a )  p i  =  P l , i  =  2, 3, 4, (26) p 2 =  p x,: p 3 =  p 4 ,

(2c) Pi  ±  p 2 , P i  =  P3, (2d)  P 2 =  P i ,  P3 #  Pi ,

( 2e )  p t , i = l , . . . A .
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Table 4.18: Maximum Pseudo-likelihood estimates (PMLE) of p, a2  and 8  under
alternative correlation schemes (1 )-(4)

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

P- d2 9 m a x ( p i j ) 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 0.000-3 3503.76 3503.80 3511.24
(2b) k = 2 63.69 4629.88 0.2121 0.2121 0.0001 3502.42 3502.46 3509.90
(3) k = 1 65.07 4779.92 0.7185 0.2643 0.0000 3500.54 3500.58 3508.03
(3) k =  2 63.59 4607.36 0.5733 0.2109 0.0001 3502.41 3-502.44 3-509.89
(4a) k =  1 63.19 4541.85 0.4355 0.1602 0.0006 3505.37 3505.40 3512.85
(4a) jfc =  2 63.19 4541.85 0.4355 0.1602 0.0006 ■3505.37 3505.40 3512.85
(4b) fc = 1 63.73 4622.44 0.5246 0.1930 0.0002 3503.36 3503.40 3510.85
(4b) k = 2 63.57 4605.78 0.5662 0.2083 0.0001 3502.49 3502.53 ■3509.98

Ms
P <j2 8 m a x ( p i j ) 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) * =  2 12.91 1633.56 0.0670 0.0670 0.0729 3195.50 3195.54 3202.99
(2a) fc =  1 12.60 1638.40 0.0302 0.0302 0.520-3 3198.31 3198.35 ■3205.79
(2a) L =  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) * =  2 12.61 16-37.49 0.0439 0.0439 0.2859 3197.58 3197.62 •3205.07
(3) k =  1 12.82 1632.79 0.1858 0.0683 0.0501 3194.88 3194.92 3202.37
(3) * =  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
(4a) /c =  2 12.60 1638.40 0.0821 0.0302 0.5203 3198.31 3198.35 3205.79
(4b) k = 1 12.61 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) p -  — 9d~k, k =  1, 2 without neighborhood constraint,
(2a) pij = 6d~k, k =  1, 2 with 1st order neighborhood constraint,
(2b) pij =  8d~k, k =  1, 2 with 2nd order neighborhood constraint,
(3) pjj = 0exp(—dk).k  = 1,2 without, neighborhood constraint,

(4a) = 9exp(—dk). k =  1, 2 with 1st neighborhood constraint,
(46) pij =  6exp{—dk).k  =  1 ,2 with 2nd neighborhood constraint,

119

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



(Continued)

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

A - 9a “ e m a x ( p i j ) p-value AIC AICC BIC
(1) k — 1 368.97 72864.30 0.101 0.1014 0.026 4375.27 4375.30 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 43(6.(0 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
(3) A =  1 368.25 72163.87 0.2-58 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) A =  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) & =  1 367.33 72133.93 0.208 0.0765 0.051 4376.44 4376.48 4383.92
(4b) A =  2 366.94 72124.69 0.237 0.0871 0.045 4376.21 4376.25 4383.70

Lb
A ~ 2 a e m a x ( p tJ) p-value AIC AICC BIC

(1) k =  1 215.35 131066.10 0.270 0.2699 0.000 4528.48 4528.51 4535.96CdII1—I 206.02 126737.90 0.256 0.2555 0.000 4527.35 4527.39 4534.84
(2a) A =  1 197.40 126584.80 0.202 0.2022 0.000 4535.55 4535.59 4543.03
(2a) A =  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 4-525.40 4525.44 4532.89
(3) A- =  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
(4a) A =  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.-550 0.2022 0.000 4535.55 4535.59 4543.03
(4b) A =  1 201.68 127399.40 0.687 0.2526 0.000 4524.21 4524.24 4531.69
(4b) k =  2 199.31 126842.20 0.689 0.2534 0.000 4527.47 4527.51 4534.96

Alternative correlation matrix schemes are

(1) pij — 6d~k, k =  1 , 2 without neighborhood constraint.
(2a) pij = 8d~k, k =  1 , 2 with 1st order neighborhood constraint,
(26) pij =  8d~k, k =  1 , 2 with 2nd order neighborhood constraint,
(3 ) pij = 0exp(-dk), k =  1 , 2 without neighborhood constraint,

(4a) p^  = Bexp{—dk),k  =  1 ,2 with 1st neighborhood constraint,
(46) pij = 0exp(—dk),k  =  1.2 with 2nd neighborhood constraint,
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(Continued)

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

p - 9a e m a x ( p i j ) p-value AIC AICC BIC
(1) k = 1 43.5 / 595.24 0.0469 0.0469 0.56 2880.77 2880.81 2888.25
(1) k = 2 43.54 592.19 0.0501 0.0501 0.26 2879.88 2879.92 2887.36
(2a) k = 1 43.47 592.05 0.0060 0.0060 0.89 2881.08 2881.12 2888.57
(2a) k = 2 43.47 592.05 0.0060 0.0060 0.89 2881.08 2881.12 2888.57
(2b) A = 1 43.51 591.76 0.0685 0.0685 0.10 2878.35 2878.39 2885.84
(2 b) k = 2 43.50 591.59 0.0531 0.0531 0.21 2879.51 2879.56 2887.00
(3) k =  1 43.56 592.77 0.1954 0.0719 0.11 28 (8.48 2878.52 2885.97
(3) k =  2 43.49 591.64 0.1150 0.0423 0.31 2880.09 2880.13 2887.58
(4a) k — 1 43.47 592.05 0.0163 0.0060 0.89 2881.08 2881.12 2888.57
(4a) A" = 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 = 2 43.49 591.67 0.1124 0.0413 0.33 2880.14 2880.18 2887.63

Tbas
' C cH e m a x ( p i j ) p-value AIC AICC BIC

(1) k = 1 0.25 0.27 0.2456 0.2456 0.00 448.16 448.20 455.65
(1) k = 2 0.24 0.26 0.2345 0.2345 0.00 446.69 446.73 454.18
(2a) k — 1 0.23 0.26 0.1757 0.1757 0.00 453.55 453.59 461.04
(2a) k =  2 0.23 0.26 0.1757 0.1757 0.00 453.55 453.59 461.04
(2b) A =  1 0.23 0.26 0.2188 0.2188 0.00 445.38 445.42 452.86
(2b) A =  2 0.23 0.26 0.2366 0.2366 0.00 445.45 445.48 452.93
(3) A =  1 0.23 0.26 0.6492 0.2388 0.00 447.53 447.57 455.01
(3) A = 2 0.23 0.26 0.6136 0.2257 0.00 447.23 447.27 454.72
(4a) A =  1 0.23 0.26 0.4777 0.1757 0.00 453.55 453.59 461.04
(4a) A = 2 0.23 0.26 0.4777 0.1757 0.00 453.55 453.59 461.04
(4b) A =  1 0.23 0.26 0.6136 0.2257 0.00 445.19 445.23 452.68
(4b) A =  2 0.23 0.26 0.6168 0.2269 0.00 446.86 446.91 454.35

Alternative correlation matrix schemes are

(1) pij = 8d~k, k-= 1 , 2 without neighborhood constraint.
(2a) pij = 8d~k, k =  1 , 2 with 1st order neighborhood constraint, 
(2b) p^ = 9d~k,k = 1 .2  with 2nd order neighborhood constraint.
(3) p -  := 8exp(—dk), k — 1 . 2 without neighborhood constraint,

(4a) p^  =  0exp(—dk), k — 1, 2 with 1st neighborhood constraint,
(46) pij =  8exp(—dk), k =  1, 2 with 2nd neighborhood constraint,
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Figure 4.2: RMSE. AIC, AICC, and BIC for the M data fitted bj? spatial "Phase
1" models
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The RMSE, AIC. AICC and BIC statistics are estim ated hv leave-one-out cross- 
validation m ethod for the 33 plots w ith 8 neighbors. The values of x-axis are (la) 
assume that ph = p v = phv and pc<1) = pc(2) =  0 , (lb) assume th a t pp r, =  pc(2) =  0 ,
(2a) assume th a t p h  = pv = p cw  =  pcm =  Phvc, (2b) assume th a t p h  = pv =  Phv

and p p i) =  p c(2 ) — p c , (2 c) assume tha t p cn) = p c<o) =  pc, (2d) assume that
ph — pv =  phv. (2e) assume th a t p h - P v - P ^ 1) and P P 2) are ab different.
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Figure 4.3: RMSE. AIC, AICC. and BIC for the Lt data fitted by spatial "Phase
R  models
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The RMSE, AIC, AICC and BIC statistics are estim ated by leave-one-out cross- 
validation m ethod for the 33 plots with 8 neighbors. The values of x-axis are (la) 
assume that Ph =  Pv =  Phv and pc{p  =  pc@) =  0, (lb ) assume that p c(d  =  p c(2) =  0, 
(2a) assume that ph =  p v =  pc(i> =  pc\.2) =  Phvc (2 b) assume that ph — pv =  pylV 
and pc(i) = pc{2) =  pc.: (2c) assume tha t pcn) = pc{2) =  pC: (2d) assume that 
Ph — pv =  Phv- (2e) assume that ph - p v - p p 1) and p cm are all different.
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Figure 4.4: RMSE, AIC, AICC.. and BIC for the Tba data fitted by spatial "Phase
models
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The RMSE, AIC, AICC and BIC statistics are estim ated by leave-one-out cross- 
validation m ethod for the 33 plots with 8 neighbors. The values of x-axis are (la) 
assume that p h =  pv = pkv and p cW =  pc(2) =  0 , (lb ) assume that pyn =  p c(2) =  0 ,
(2a) assume tha t pu = pv =  pc(n =  pcW =  Phvc, (2b) assume tha t ph =  pv =  phv
and pcii) =  pp2) =  pc, (2c) assume that pc(i) =  pcm — pc, (2 d) assume that
ph — pv =  phv, (2e) assume that ph, pv, pc(i> and pc(2) are all different.
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Figure 4.5: Coefficients of Variation of T’ba data for individual plots using 400
bootstrap samples
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Note: the A  denotes the estim ates using the simple bootstrap m ethod which is 
resampling y’s and the o denotes the estimates using the semiparametric bootstrap 
which is resampling the residuals As.
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5. P R E D IC T IO N S  FO R  N O N -S A M P L E D  LO CATIO NS U SIN G  

ONLY FIELD SA M PL E  PL O T  O R  S U B P L O T  IN F O R M A T IO N

To make predictions is one of our objectives for this study. In Chapter 4 we 

only discussed estimations for prim ary 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 B est L inear U nbiased P red iction  (B L U P )

Suppose we observe Y =(U Sl, YS2, . .. , YSn) = (Y , U>, • • • , Yv) ~  (p, <?2) and 

wish to predict YSo at a non-sampled plot location s0. Assume Yso, YSl, YS2,. .. , YSN 

~  (/i,<Y) with correlations Pysq,yS} = Poj  ̂ PY,itYtj — Pij for i . j  = 1 , . . .  , A , 

Py.-,ys- =  Pa ~  correlations could be distance based.

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

as

(5.1)
i = l
N

(5.2)
1

then T[Tj0] =  TjTjJ =  p  and the predictor YSo is called unbiased.
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Then the mean squared error (MSE) of the prediction is

N

P C U - W ) 2] =  P l P - J > U ) 2]
i = l

N  N

= Var[YSo] -  2Cov[YS0. opM] +  lzo r [ ^  oq-K,]
i= l s'=l

{ Ar JV A" ^

1 “  2 S  +  £  E  a »’a iP i j  f  • (5-3)
2 = 1  2 =  1  j  —  1  J

The MSE of prediction is also known as the variance of prediction error or mean 

squared prediction error of prediction. 

The optim al weights op ,. . .  , can be found using the following Lagrangian 

function,

N  N  N  t  /  N  \

1 _  2 Y ^ a ip°i +  a ia iPn  [ ~  A ( ai ~ 1 ) (5-4)
i~ i j=i j=i j v j /

which utilizes the constraint X) cp =  1 ensuring unbiasedness.

Minimizing this expression writh  respect to ep ,.. . , and A yields (Cressie, 

1993)

N
Y*0 =  ^ a tYi, (5.5)

i —1

<4,p(so) =  m in  £[(YS0 -  YS0)2},

=  a 2 — a 'c  +  A/2, (5.6)

where the subscript p in Oy indicates the predictor error,

v f  H - T E ^ c A  a  =  (a1:. . .  7 aN) ! c +  1 - - - - - - -  J
1 -  l 'E ^ c A  ■ . l - T S ^ c  . ,

“ ‘ A = "~ P-S-11 • (oJ-

Here, c =  <j2(p0i 5--- ■> R o n ) '  an(i E is an N  x N  m atrix  whose (t,p )th  elements 

are cr2pp. In order for YSo to be a data based predictor, the unknown p p ’s in a 

and c will be estimated. It is possible to  have a negative value for YSo even if all 

data values are positive. One way to ensure the predictors Yeo = a,-Y) >  0
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is to specify a, > 0. i = 1 , . . .  , A', 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 they don’t constrain FSo by maximum and minimum data values. And 

hence, we allow ads to be negative.

5.2 3-P aram eter L ognorm al Transform ation

Now suppose th a t the T(.) process is obtained from

where Z(.j is a Gaussian process th a t is assumed to be intrinsically stationary and 

g(-) is a twice-differentiable measurable function. If d2g(z ) /d z 2 =  a +  bg(z),  then 

I').) is a generalized lognormal process. The transform ation to obtain approximate 

normality tha t we applied to M, Lt, and Tba data  is the 3-parameter lognormal 

transformation; tha t is,

(5.8)

Z  = 7  + 6 log(Y -O ' ) , (5.9)

where Z is Ar(0 ,1). Thus

Z -  7
(5.10)

(5.11)SiZ).

The first two derivatives of g(-) are

(5.12)

(5.13)
I  £    'J

9"{z) =  ^ e x p i —j -

a +  bg{z), (5.14)

where a =  — ̂  and b =  p-. So T(.) is a generalized lognormal process. Shimizu 

and Iwase (1987) provided an unbiased estim ator and its variance for the autoco­

variance function of a stationary generalized lognormal process.
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If is N(j iz . aI),  then the first and second moments of =  g (2y.)) are

£ [> 1  =  £ [ s ( Z (.,:

£

= exp

exp
Z

8
a
28

+ 0! 

2

(5.15)

and

£{Y exp j
( Z - 7

s

— exp

V 5

Z - 7

+

*

2(/-tz ~  1 
8

2 - f  Z  ~~ o M+  2 O' ex]
) .

(0 / \ 2

3'''12

And so

t/  rwi { K V z -  7) , °yV ar 1 =  exp    h —
o o

exp ( -At I — 1 (5.16)

The covariance function is

Cou[y; t , r Sj] =  exp ( — -  +  { exp f ~ ] -  1

5.3 C orrelation Function  F ittin g

(5.17)

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 

estim ator p^(d)  and the model p(d) th a t has param eters 6 and k, the m ethod of 

ordinary least squares specifies th a t 9 and k are estim ated by minimizing

E W - (5.18)
”d”
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for lag distance d.

The W.L.S. m ethod of autocorrelation-model fitting is finding the parameters

6 and k th a t minimize

]T 'A r(d){p# (d) - p ( d ) } 2 (5.19)
”d”

for lag distance d and N(d)  is the number of pairs of observations with lag distance 

d. The estimates 6 and k can be obtained from an iterative, nonlinear estimation 

routine such as the Gauss-Newton algorithm in the Splus niminb function.

5.3.1 C orrelation  function  fitting  to  th e 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:

( I ) ( l )  p,J(Y)  = exp(-OdiJ) , S . k >  0,

( l) (2 )  w (y )  =  ( i  +  » 4 )( -» ) , # , » , ># .

where dij is the distance between sites s,- and Sj .  Such a correlation function 

fitting we call ”direct'' correlation function fitting to the Y scale.

5.3.2 C orrelation  fu nction  fittin g  to  th e  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 th a t of the 

untransformed Y scale. The autocorrelations and p i j ( Y )  respectivel}' denote 

the correlations of (Z Si, Z Sj) and YT). If we fit the following autocorrelation 

functions to the Y scale,

(H )(1 ) pi3{Y)  =  exp(-0dY) ,  d ,k  > 0,

(H)(2) pi j ( Y)  = (1 + 0 4 ) (-* \ e , k  >  0
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then the corresponding autocorrelation functions for the Z scale are respectively 

(III)(1) p,, = § l o g  ( l  + -  1)). B, k  > 0.

(I II )(2 )  p „  =  | i o 9 ( i  +  ( l - H d & r V * /* '  -  1)) .  O .k > 0.

The procedure is to fit the autocorrelation functions (III)(1 ) and (III)(2) to the 

sample correlations of the Z scale and then substitute the estimated 6 and k 

into the autocorrelation functions of Y ’s, (H)(1) and (H)(2). Such a correlation 

function fitting we call ”indirect” correlation function fitting to the Y scale.

The autocorrelation model fitting for M. Lt. and Tba on 1-ha, plots are por­

trayed in Figures 5.1-5.3. The O.L.S. and W.L.S. methods yield param eter es­

tim ates th a t 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 

tha t 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 m ethod in our further inference.

5.4 P red iction s

5 .4 .1  P red iction s based on th e  Y  scale

There are no specific distribution assumption for the Y ’s in Eqns. (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  P red iction s based on th e  Y  scale w ith  d irect correlation fittin g

The coefficients cq in Eqn. (5.2) are estim ated from the data and so a data 

based predictor is given by
N

f i  =  5 > 5 ' <5-20)
f=u

o-y.p(so) =  <t" — a c  +  A/2, (5.21)
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c =  a 2 [pai(Y) . . . .  . Pok(Y)) '  and E =  a 2plJ(Y).  Here. pij(Y)  is an estim ate by

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

5 .4 .1 .2  P red iction s based on th e  Y  scale w ith  ind irect correlation  fit­
tin g

a,- is a function of ay  and />,j(Y), so Ysoj  is

N

YS0,I = Y l atYl (5-22^
1 = 1

aY.p,iis °) =  o'2 —a c  +  A/2. (5.23)

where the subscript I  in YSoj  indicates the prediction based on the Y scale with 

the indirect autocorrelation fitting,

1 -  1 'E -
c +  1 ----- ^

I 'E - 1!

c =  a 2 (poi(Y ),. . .  i  Pon(Y))' and E =  a 2plJ(Y'). Here, pij(Y)  is estim ated by 

indirect autocorrelation fittings to the Y scale, (H)(1) and (H)(2). The correlation 

fittings of (H)(1) and (H)(2) are based on the assumption th a t Y is a 3-parameter 

lognormal process, so the prediction Ysoj  requires a stronger assumption than the 

previous one, YSo.

5.4.2 B ack-transform ed pred iction s based on th e  Z scale

5.4.2.1 ”P la in ” B ack-T ransform ed P red iction

To transform the prediction from the Z  scale to the Y  scale, the back- 

transformed value g(Z)  =  g(^2iLi ai%si) '1S used to predict Ys.0, where o1?.. . ,ajy 

satisfy Eqn. (5.7) on the transform ed Z  scale and need to be estimated.
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The expectation of g {̂ Zs is

£ 9 { Z .J S'0 exp

exp

9(9)

S [Z«] -  7  V ar jZ ^  
5 2S2

P z - 1  , V a r [ Z Sa]
25\2 + 0\ (5.24;

where E [ Z Sa] = a -;ZSt] =  Pz- And so the back-transformed predictor.

FS0;6 =  9 (Zs0; • where 0  =  (p, 5,0')
r n

I > ^

0 ' (5.25)

is not an unbiased predictor. The bias of K,0,j, is 

bias

= T[f;0,fe] - T [ i ; 0]

'Pz -  7exp

exp

d

P z - 1
5

VarlZ.
exp

exp

252

al -  < P(-q0) +  A
2 A2 -  eXP i o  C2

a:
2A:

Thus an alternative back-transformed predictor is:

(5.26)

ATso, 6 p (^Zs0; 0 ^ , where 0  =  (7 , A, 6’)

exp
7  — -vso , 1 + 0, (5.21

where ads are estim ators of ads.
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The mean-squared prediction error of TT0, i> is 

a y,P.6(so)

=  £[(YS0 - Y S0,b)2}

= Var  [ i ; 0 ] -  2Cov [FSo, YSo. 6] +  Var  jYSo, h] + sol

— exp 2 ( ^ - 7 )  , <7- , ,
— 8—  + J i ) \ exP \ 5 \

2 ( ^ - 7 ) , a 2 + Var{ZSo]
5 282

2 [ ja .z  -  7 )  i Var[Z:SO J exp

exp

Var[ZSl 
52

7  — -v 7  —t-'SQ I ̂ So

+exp exp | 777  j — exp az -  al P \ s 0

2S2

exp

exp

2(Pz -  7 ) , £T
A ' X 2

' a * al p
82

exp I -7  1 — 1

+  exp

K  -  o-^p(so)
2k2

al  -  az,p(S°) +  1 1exp | ---------- Tr-----------  I — 12
+  < 1 — exp

-a Z , v ( S 0 )  +  ^ 2  ’

2 h2

+exp ~ 2 { a z , p ( S o )  ~  ^ z ) (5.28)

Thus, the estim ator of ,(s0) is given by

^ y ,pA s °) =  e x P
2 ( p z - p )  , 2 a 2z \  P  n  /  —3<j?)P(so) +  2A,

■ i f  M  1 -  2 exp
2 h2

+exp - 2 fc 2> o )  -  V j
h2

(5.29)

In real data, we don’t know the actual values of 0  and so the estim ated 0  is 

used. Thus we investigate the following two predictors,

(5.30)

(5.31)

y . 0.6 =  9 { Z s 0- e  

I  s0, b =  9 ( ̂ Oso ■ ®
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Since the straightforward back-transformed predictor, YSo.fc is a biased pre­

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

5 .4 .2 .2  ” A p p rox im ately” U n b iased  Back-Transform ed (Trans-G aussian) 
P red iction

Using the d-method around fiz =  £[ZSi] to obtain a bias correction, the 

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

where the subscript a in YSOjU indicates the approximately unbiased prediction, 

where (see Eqns. (5.5)-(5.7)), p 2 =  £[Z). er?,p(-?o) =  az2 — ac +  A ,/2 , and 

0  =  (7 , d, 6') are parameters in 3-parameter lognormal likelihood of the Y ’s to 

be estim ated by the maximum likelihood estim ation from the 3-parameter lognor­

mal likelihood based on the Y observations. W hen a 2 p(s0) > A2, YSOja > T '0,fc- 

From Eqns. (5.21) and (5.28), the bias of YSo,a is

The approximations (5.32) and (5.35) rely on cr2(so) being small. The higher order

K .  =  9 ( d : 0 ) +

The mean-squared prediction error is, approximately.

a Y , p ,  a ( S o )  =  M W ) } 2 Y U ( S 0 )

(5.35)

approximation to a |- p 3(s0) is needed when <J2(s0) is not small.
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The following predictors are also considered for Trans-Gaussian setting

=  s (2 :  ©) +  -  A*} (5.36)

1 s0.a =  g{ Z:  0 )  +  ^ ^ ..."'{^s,p(5o) — Y} (5.37)

Ys0,a = g ( Z ; 0 )  +  {g-^p(3o) -  Y } (5.38)

The estim ator of U y v  a ( < S o )  is

‘Y", p. a ("®0) =  i ^exp  Y?,PYcY (5 -39 )

where the estimators from Eqns. (5.5)-(5.7) jlz =  Y. Y  p(,s0) =  Y  —a c 4-A, / 2  and 

7 , 5, and are given by maximum likelihood estimation from the 3-parameter 

lognormal likelihood based on the Y observations.

5 .4 .2 .3  U nbiased  B ack-T ransform ed P red iction

Cressie (1993, p .135) discussed lognormal kriging. In the following, we ex­

tend his results to 3-parameter lognormal unbiased predictions. Multiplying Eqn. 

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

i? ) Zso ~  7 , ^  -  Var[ZsoJ ^Y 0)« =  exp { ----    + -------- ^   } +

=  exp 1 + U r  (5.40)

W hen 8' =  0, 7=1, and 5 = 1, the unbiased 3-parameter lognormal predictor 

yields the lognormal kriging in Cressie (1993, p .135).

The following predictors are also considered lor the 3-para.meter lognormal 

situation

Y 0,„ =  e . . r p | ^ ^  +  ^ ( a ? p(5o) - A ; ) | + ^  (5.41)

^ sow =  exP ~ +  = =  ^ , P(so) — Y ^  1 + 0 '  (5.42)

Ybo.u = exp |  T  4 =  (<d|,p(Aso) -  Y~) |  +  & (5.43)
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The mean-squared prediction error is

a Y , p u ( s  o)

=  S K Y " - ? « ,* ) ]

= Var{YSo] -  2Cov[Y'S0,Ys0.u] +  Var{YSo,u

hexp 2 ( ^ - 7 )  7 t  f ( X : '\  ) / f f :  -  V 'rirjZJ

2 ( / i ,  -  7 )  cY  +  V Y r [ Z S0j
exp 1 ------ ;----   +

+exjp

6 2d2

((** -  7) , T

exp hiox

d
V'ar[TSo]

d2 / ) ^ !  d2

/ 2 (q2 - 7 ) a 2 
exP | — ^7—  +  -

o-
e3T i  r2 2 exp ( — C'ow[ZS0,Z S0;

+exp

=  exp

V'ar[ZSo] 
d2

2(/i^  7~ +  ^  ) i exP ( z f  ) -  2exP
a z "  a i  p ( S 0 )  +  - W 2

/ ^ - ° l p ( 5o) +  Aa
+exp I ---------- ■— ----------

Then the estim ator of &y,p u{so) is

(5.44)

<TY , p , u ( s o )

2(Azexp

+exp

+ c:
d d2 

■ 2  ~  2

exp

-  K p ( S0) +  
d2

~  «5“?, pCAso) +  Kl'2 _

(5.45)

where the estim ators from Eqns. (5.5)-(5.7). jxz =  Z,  a 2 p(s0) =  a 2 — ac -f A*/2, 

and 7 , d, and 0' are given by maximum likelihood estim ation 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

Z S0~ l \  f  f (7i p ( so ) - KW 0, u = W0,a +  exp ---- -— L < exp
S I \ r  \  2S'2

i , r-„ ^s0 \ < P(50) - A
- 1  — exp ----- ------  ------ ——--------> (a.46)

d  I  2<T

= 1's0,a + Dysou^ oa. (°-4v)

exp j  is not always greater than 1 and so the second term , Dp _ f  As

not always positive. Hence, YSo,.u is not always larger than W0.a- 

The relation between W 0,u and W 0. b is

YSo,u = YSo,b + exp (̂ S°s ' j  | e x p  ^  -T aL t I -------  l |  (5.48)

=  Yso.bYDy Y  ,• (5.49)' 4 so > u5 s0 > ̂

W hen a? J so)  > A,. Dr> o- > 0  and YSn u > IT  b■ As mentioned earlier,"•> P- ' ~ ; -i sq , n. • J sq , b u ’ u ’ '

W0,a > Wo,b when cA p(s0) > Xz. In general, if oT p(s0) > A., then both W0,« and 

W o ,a. are larger than W0,fc-

The estim ated 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,

(T vy , p, u ( S o )

2(fiz - j ) \ (  ( 2al \  o - ( 2al ~ al p ( so) +  A2/2
exp ( ” 2exP \  p

2 '2 ( ,f 2 a ; - a -  {s0) +  A
+exp

\

2(Jl  -  y  P(50) +  a
y i  +

=  °y-,p,a(5o). (5.50)
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W hen cA(s0) is not small, the remainder of first order Taylor series expansion for 

<T?’ p.«(5o) m ight be a large-scale quantity compared to erf.-p a(s0).

5.5 R esu lts

5.5.1 S im u la ted  d a ta

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 0.8-5 

mile grid, shown by black numbers in Figure 5.4, were randomly selected for mak­

ing predictions and then a realization Z{, i— s x , . . .  , sjv, s n + i • • • • . -Siv+6  from 

a multivariate normal was generated by

Z = fx + B e  (5.-51)

where Z =  (ZS l , • - • - Z Sn + 6 ) \  • • ,P-sN+6)' =  (pz, - - - -Hz)-, «i, - - - , s N

are sampled plot locations, sjv+ i, • • • ? S/v+e are six non-sampled plot locations. 

B  is defined via the (N  -f 6 ) x (N  -f 6 ) correlation m atrix F  =  [exp{—6d^-)) —

B B ' ,  and e ~  MVNfO, u 2z I). Secondly, the Z values are back-transformed by the 

function g(-)

Y  = g(Z)

=  exp{-   F— ) +  O'
o

As mentioned earlier, the actual 0  =  (7 , d, O') is unknown, so the predictors, 

and Kr0,(.) are not available for real data. So the predictors F’s-0,(.) and F So,(.) are 

used instead. To assess the loss, wre conduct a simulation study with chosen values 

of all parameters, jj, <r2, 0  and (9,k)  in the function.

For M data, the MLE's of 7 , 5, and O' are -4.50, 1.16, and -7.50, respec­

tively. The W.S.L. estim ates of 0 and k in the exponential autocorrelation for
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3-param eter lognormal transformed M data are 6 =  0.12 and k =  0.39. To mimic 

the process we had for the actual M data, the values of param eters chosen were

y , =  0, az =  1, 8 — 0.12. k =  0.39. 7  =  —4.50, 8 =  1.16. and 6' =  —7.50.

The back-transformed Y  process is a generalized lognormal process with mean 

fj.y =  62.67 and variance ay =  5428.58. The results of three predictors based on 

1 ,000  realizations of Y  are summarized in Table 5.1. £7[TSo.&] =  Y Soy =  ]C^i°° . &

is listed in Table 5.1(a) where i indicates the V’* b value obtained from the 7th gen­

erated Y; =  (T’* . . . .  , Y* ) realization. Y so.a and YSo,u are defined similarly and 

YSOi(.}, Th0;(.)- and Y So,(.) denote the average of 1,000 Yso.{.), V'so,(.), and Y So,(.), 

respectively.

For each realization of Y , the simulated ’s, j  =  N  +  1 , . . .  , N  +  6 , were

put aside and the predictions, Yi Ys80-a, and T'*0>u, 5o =  Sjv+i, ■ ■ ■ , s n +6, were

obtained by substituting the simulated Y; =  (Y.*, . . .  . Ys(v) in the prediction and 

mean sqaured prediction error equations. The values of Y So_u at each non-sampled 

plot locations are almost the same as the actual mean fiy = 62.67: which is not 

surprising since YSo.„ is an "unbiased” predictor. The quotation for unbiased 

indicates that YSOfU is asymptotically unbiased since the a ’s are estimated. Also, 

wre note that the values of V Sô a 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, YSo.y which is about one-third of the actual mean.

The estim ated standard error (s.e.) for YSo,fc is calculated bj'

s - e - CU . i )  -  1 , 000  - 1

The estim ated standard errors (s.e.) for Y So, a and Y so,u are calculated similarly. 

S7eT(ls0,(.)) is n°l a good estim ator of s .e .(ls0-(.)) since the ^ ’s are not inde­

pendent. We note th a t the values for each plot in columns of dy.P;(.) are almost 

the same for each m.s. prediction error. T h a t’s because the <5y.p.(.)'s don’t depend
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directly on the Yys like the q ’s do and only rely on the /L. a't, and f . Those

selected non-sampled plots have the common estim ated 7 , 8, 9'. fiz . a l .  8. and k 

for each generated M realization and so A is not different.

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

data which is calculated by the following equation

1 1,000 ^  2

0,(0 } =  ^  E ( Y>o -  £o,(.))
j=i

where s0 =  sa '+i , . . .  , s n +6-

The approximately unbiased predictor, K,0.a- has the smallest estim ated m.s. 

prediction error, m8s7e.(YSo,a). but differs little from the others. Compared to 

the values in column 6 of Table 5.1(a), the approximately estim ated m.s. pre­

diction error, d y (j(s0) is very different from mks8e.(YSOta). As mentioned be­

fore, the approximation cry relies on small cC. The actual value of cA for

the simulated M realization is 5428.58, so 6(50) and <5yiP(s0) are more reli­

able. For plot 1 , the m.s. prediction error of Y 0,£,, has interval estimate given 

by (5594.98 -  1.96 x 1426.76,5594.98 +  1.96 x 1426.76) =  (2741.46,8448.50); the 

m.s. prediction error of YSQ,a, has interval estim ate 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 

YSOtU, has interval estim ate given by (5511.03 — 1.96 x 1302.55,5511.03 +  1.96 x 

1302.55) =  (2905.93, 8116.13). The ffCs8e.(YSB,b), rnYYe.(YS0;a),  and nus7e.(Y3D:U) 

for plot 1, are respectively'' 4124.04, 3853.11, and 3929.26. The actual m.s. predic­

tion errors of rrTs8e.(YSOt},) and mks8e.{YS0}U) are inside the m.s. prediction error 

interval, but th a t of T)0,a is outside the interval. Thus, the estim ated m.s. pre­

diction error of YSô a does not work well when cA is not small. Among the six 

selected non-sampled plots, all of the mks8e.(YrSo,b) and m8s8e.(YSo,u) axe inside the 

m.s. prediction error interval, but none of the rrY.sxT.(ly0ia) is inside the interval. 

In this case, is the  worst estimator.
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To mimic the Tba observations in simulations, the values of parameters we

chose were j i z  =  0, crz =  1, 9 =  1.03. k =  0.13, 7 =  —34.41, 5  =  6.76, and

8' =  —120.65. The back-transformed Y process is a generalized lognormal with

mean =  43.57 and variance a£ =  596.62. The results are summarized in Tables

5.2 and 5.3. In reality, we can only obtain the predictions T7,0.b, YSo-a, and Y S0}

since we don’t know what actual values of 0  and a  are. As shown in Table 5.2(b),

the means of Y So,6 at each plot are slightly off the actual mean fiy =  43.57. but

the means of T So,a and F So, are close to the actual mean. The means of <x| ,
’ Y , p , b '

<ST , and cr% are about 570, 454, and 567, respectively, which are lower than
Y . p . a  Y . p

the fn7s7e(Yp^T+t) in Table 5.3. The largest estim ated m.s.e. belongs to plot 5 and 

so it is harder to predict than the others.

From Table 5.2 we note tha t the means of 1,000 Iho.a, ks0,o, Y So-a, Y So,az YSo 

YSo, Y'So, and Y So are very close, and they are approximately equal to the actual 

mean jxy =  43.57; the ’’plain” back-transforrnation predictors, YSô ,  l's0y, Yso.{,, 

and Y so,6- as shown in the 3rd column of Table 5.2, are only about 4% off the 

actual mean. Unlike the previous simulation results for simulated M realizations, 

the estim ated m.s. prediction errors for three predictors, shown in Table 5.3, 

are about the same for ’’plain” , ’’approxim ately” , and ’’unbiased” back-transform 

predictors. From Eqns. 5.39 and 5.50, we note tha t the m.s. prediction errors are 

equivalent through the first order when uy is small. This is noted in the simulation 

results for Tba with small variance.

The histograms of the generated values and the predictions at six selected 

plots using YSoM Ys0ij, lT 0,b; and Y So.i 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 

tail. The histograms of predictions U So.6, Y SQ_a., and F’So. 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 estim ated mean 

squared prediction error was calculated by | / ^ - =1 (Ff;'v+2 — Y k N+i)2. b — 1 0 0 , 

200, . . . ,  1,000, where Y ^ N+i, i =  1 , . . .  , 6  denote the prediction at non-sampled 

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

plots, 1, . . .  , N  — 312 from the btk generated realization of size (,V +  6 ), and 

Yg N+i denotes the bth generated values at non-sampled plot i. 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 

asymptotic back-transform are smaller than ’’plain7' and unbiased” back-transform 

and a little bit off from the actual mean jiy =  43.57.

5.5.2 R eal 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 m ethod resamples N val­

ues from the N observations with replacement and the semiparametric bootstrap 

m ethod resamples N values from the independent components w ith replacement 

(as described in Chapter 4). Figures 5.5 display the histograms of approximately 

unbiased predictions YSo,a and unbiased predictions YS0}U at the selected non- 

sampled plots using the simple bootstrap method. The histograms of F'So,a and 

Ys<i 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 shown in 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 on the simple bootstrapped samples ,lfr0.(.), are larger than those 

of the approximately unbiased M predictions, as shown in the top panel of Table 

5.6. But the estim ated standard deviations of T So,(.) from the simple bootstrapped 

samples are smaller than those of Es0,(.) from the semiparametric bootstrapped

samples. For both simple bootstrapped and semiparametric bootstrapped sam-
—-2 . . . — 2 — 2 

pies, o-ypa is mtlch smaller than the other standard deviations a Y p & and <3y p.
— 2 . . _

As we expected, aY p a is not a good estim ator when ay 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 estim ates 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 aY and aY p a are calculated. For exam­

ple, the plug-in estim ate of m.s. prediction error for E,0,a at plot 1 is 1665.62. 

Using the semiparametric bootstrap m ethod, the average of 1 ,000  estim ated m.s. 

prediction error is 1665.76 which is quite close to the plug-in estimates, but the 

standard deviation of 1,000 estim ated m.s. prediction error is 273.19. So the 

m.s. prediction error of the M value at plot 1 has the interval estim ate given by 

(1665.52 -  1.96 x 273.19,1665.52 +  1.96 x 273.19) =  (1119.14,2211.9). For unbi­

ased prediction, YSo,ui the actual m.s. prediction error has interval estim ate given 

by (4271.71, 12547.67). The difference in m.s. prediction error of the predictions, 

Yso,a an<̂  frsow; is verY large. Is it worth while to get an unbiased estim ate 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 m ethod is built by generating b bootstrapped samples and then com­

puting the bootstrap prediction of YSo for each samples. For example, if 6 =  1, 000, 

the estim ate of the 2.5% point is the 25th largest of the the Ysb s and the estimate 

of the 97.5% point is the. 975th largest of the If.%. Finally, the "bootstrap-t" 

prediction interval with level a  =  0.05 is

( t o  ~  t ( i -a) fnspe, YS0 +  i {a) fnspej .

Also, we investigate the stability of prediction intervals for Yso as the bootstrap 

size b grows large.

Table 5.16 summarizes the results for normal and bootstrap-t prediction inter­

vals for Tba at 6 selected non-sampled plot locations. The bootstrapped samples 

from b — 1 , 0 0 0 , 2 , 0 0 0 , . . .  , 10 , 0 0 0 , were conducted, but we only summarize the 

results for 6 =  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 Tba 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, 1%, are much greater than the semiparametric 

bootstrap method. The columns of YSoj ,  1'%,;,, W0ia, and Yso_u In 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 m ethod assumes the errors are correlated.

5 .5 .3  P red iction  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  P lo t based data

The to tal number of plots used is N=313. Each tim e 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

where y, is the actual value and y,- is the estim ated value at plot i using the 

prediction rules based on the remaining ( N  — 1) observations. The estim ated cross­

validated MSE (CVMSE) for M, Lt, and T ba data are summarized in Table 5.17. 

We note tha t 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 

be tter than  tha t for M data, but the best is only a 2% reduction. The predictions 

do not work any better than  using the sample mean for Tba. This is because 

the coefficients in each prediction rules are about the same as those in the sample 

mean, 1 / ( Ar — 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.

N
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5 .5 .3 .2  Subplot based  data

The total num ber 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 estim ate the cross-validated MSE. The results are 

summarized in Table 5.18.

For Lt data, we note tha t exponential correlation fitting based on the Y 

scale with direct and indirect correlation fitting, seems better no m atter which 

predictor equations we chose. Under direct fitting of sample correlations there is 

no big difference between Eqn. (5.20) with correlation fittings (I)(1 ) and (I)(2). 

For indirect fitting Eqn (5.22) with indirect fitting (H)(1) and (H)(2), (H)(1) 

is much better than (H)(2). The back-'Transformed Predictions based on the Z 

scale assume th a t there is not only a specific correlation function between the 

data but also th a t there is a 3-parameter lognormal transform ation between the 

untransformed Y scale and the transformed Z scale. For all three back-transformed 

predictions based on the Z scale, the predictions with (III)(2 ) are much worse than 

those with (III)(1)- The ’’unbiased” transformed back-transformed prediction has 

the estim ated MSE of 2953.69 (versus the estim ated MSE for Eqn. ( 5.20) with

(I)(l),  2982.51). We didn’t reduce the MSE with the stronger assumption under 

(III). 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 Tba data, no m atter what correlation functions we fit, the estim ated CV 

MSEs for all prediction rules are not much different; they ranged from 23.42 to 

25.87. The estim ated MSEs for correlation fitting (II) are slightly better than 

those for the other correlation fittings. The estim ated 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, 

hut the  estim ated CVMSEs are as good as the others. Thus predictions rules (I) 

are suggested to predict for Tba at non-sampled subplots.

As to M data, we note th a t prediction rules (I) only improve estimation 

slightly. The prediction rules (II)-(III) do not improve estim ation at all compared 

to the sample mean predictions. The '’unbiased" back-transformed predictions 

have large MSE. I t ’s because the subplot based M data, does not follow a 3- 

param eter lognormal. When we treat it as a 3-parameter lognormal, the ’’bias” 

corrections force the predictions to be very different.

The coefficient af'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 MSE is about 33% 

and for Tba data it is approximately 44%.

Among the predictors, direct, indirect, ’’plain” back-transformed, ’’approxi­

m ately” unbiased back-transformed, and ’’unbiased” back-transformed predictors, 

the smallest prediction error belonged to the direct predictor, 1%. The direct 

predictor YSo doesn’t assume th a t %(.) follows a Gaussian process as a kriging 

predictor does: and doesn’t assume there is a lognormal relationship between the 

untransformed %’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 sem iparam eter bootstrap 

m ethods are suggested for the case as follows:

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

bootstrap m ethod is suggested, or,
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(b) if not. the simple bootstrap m ethod 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 V5320 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 estim ated at based on the N observations.

In summary, for subplot based data the prediction rules work well if the model 

is correctly specified, but for plot based data the prediction 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 

beyond 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 prim ary 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 data1-!
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Figure 5.2: Sample correlations and the fitted exponential function for Lt da.talj
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Figure 5.3: Sample correlations and the fitted exponential function for Tba data1-!
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Figure 5.4: Locations of all sample plots and six non-sample plots ^
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Table 5.1: The three predictions for 1,000 simulated M realizations

plot K , b Y1 so,  a K
—2
a Y,j>,b

—2
° Y ,  P, a

—2
°Y,p

1 41.45 58.64 62.42 5994.98 1659.15 5511.03
(11.44) (12.05) (16.27) (1426.76) (283.17) (1302.55)

2 41.76 58.92 62.78 5990.20 1657.52 5507.38
(10.04) (10.55) (14.16) (1426.28) (282.99) (1302.13)

3 42.13 59.27 63.25 5987.83 1657.08 5506.34
(10.63) (10.98) (14.61) (1426.05) (283.02) (1302.14)

4 41.74 58.90 62.80 5992.62 1658.60 5509.79
(8.94) (9.52) (12.78) (1426.41) (283.07) (1302.36)

5 42.23 59.40 63.39 5991.94 1657.65 5507.66
(11.97) (1 2 .2 0 ) (15.85) (1426.50) (282.93) (1302.06)

6 41.68 58.86 62.69 5992.42 1657.45 5507.19
(9.37) (9.86) (13.08) (1426.83) (283.03) (1302.17)

(a). £ [y s0i(.)], S[&y p ( )(so)], and their estim ated s.e., s7e'.(YS0̂ )  and sTei 
(in parenthesis) based on 1,000 M realizations

a

plot m X e . ( Y S0,b) m X e . ( Y S0<a) mJ7e.(YS0)
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

(b). m7s7e.(YSQĵ )  based on 1,000 M realizations
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Table 5.2: The sample means of three predictions for 1,000 simulated Tba real­
izations

plot Y S o , E> Y1 s o,a y ,p,b
A 2 
Y,p, a d !Y > V

1 mean
s.e.

41.48
8.03

43.11
8.04

43.12
8 .10

562.84
62.93

541.83
60.81

560.23
62.64

2 mean
s.e.

41.78
6.43

43.41
6.43

43.41
6.48

562.00
63.93

541.03
61.77

559.41
63.63

3 mean
s.e.

42.08
6.62

43.71
6.60

43.72
6.65

561.23
66.23

540.29
63.98

558.64
65.93

4 mean
s.e.

41.83
5.99

43.46
6 .0 0

43.47
6.05

562.38
63.78

541.39
61.63

559.78
63.49

5 mean
s.e.

42.04
6.51

43.67
6.50

43.68
6.56

562.70
61.81

541.70
59.73

560.10
61.52

6 mean
s.e.

41.90
6.16

43.53
6.16

43.54
6.21

562.70
61.91

541.69
59.83

560.09
61.62

plot Ys0,b Y1 s0, a Y1 so £7-Y,p,b Y ,p, a

1 mean
s.e.

41.54
6.24

43.25
6.28

43.26
6.32

574.26
61.21

551.92
57.43

571.24
60.64

2 mean
s.e.

41.76
5.07

43.47
5.09

43.48
5.12

573.81
61.27

551.49
57.49

570.80
60.70

3 mean
s.e.

41.94
4.97

43.65
4.98

43.66
5.01

573.70
61.32

551.39
57.53

570.69
60.74

4 mean
s.e.

41.74
4.52

43.45
4.55

43.46
4.58

574.10
61.23

551.77
57.45

571.08
60.66

5 mean
s.e.

41.96
5.06

43.67
5.07

43.68
5.10

573.84
61.24

551.51
57.45

570.81
60.66

6 mean
s.e.

41.80
4.81

43.51
4.83

43.52
4.86

573.81
61.26

551.47
57.48

570.78
60.68

The
1

(a)^ YS0>b in Eqn. (5.25) TSo,a in Eqn. (5.32) YSOt in Eqn. (5.40) 
YS0:b in Eqn. (5.27) YSo>a in Eqn. (5.36) YSOi in Eqn. (5.41)

rows of mean are calculated by p^oo X^&=i° () f°r Y 0 ()'
E l S °  for Vft, , i-e- l^oo E b f i 0 Whestimate.  The rows of s..1,000  — i n j - n5cm-) s0 i (•)■'V ’' ') “UHV

calculated by Ylb=i°(bth estimate — mean)
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(Continued)

plot Y s 0}b Y1 so, a Y1 so Yj p, b
A 2 
Y,p, a

* 2<71
Y,p

1 mean 41.49 43.10 43.12 553.76 530.64 550.90
s.e. 10.36 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. 8.61 8.64 8.71 82.58 77.32 81.80

3 mean 42.02 43.63 43.65 552.17 529.12 549.34
s.e. 8.52 8.53 8.60 84.28 79.00 83.51

4 mean 41.76 43.37 43.38 553.30 530.20 550.46
s.e. 7.78 7.82 7.87 82.50 77.24 81.72

5 mean 41.95 43.57 43.58 553.62 530.50 550.77
s.e. 8.19 8.20 8.26 81.05 75.80 80.26

6 mean 41.83 43.44 43.46 553.62 530.50 550.76
s.e. 7.89 7.90 7.96 81.13 75.87 80.33

plot Yso, a Y1 s0
A 2
Y ,p,b a lY,p,a

A 2 <71 
Y,p

1 mean 41.52 43.48 43.25 570.86 545.47 567.44 I
s.e. 8.72 8 .8 6 8 .8 8 114.53 104.38 113.00

2 mean 41.71 43.66 43.43 570.42 545.05 567.01
s.e. 7.46 7.64 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 7.44 7.38 114.53 104.39 113.01

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. 7.18 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

(b). Y SOib in Eqn. (5.30) Y So,a in Eqn. (5.37) Y So, in Eqn. (5.42)

in Eqn. (5.38) Y SOt in Eqn. (5.43)Y S0}b in Eqn. (5.31) F So,a

The rows of mean are by V '1,000 -yb
\ 2L/b=l h for

1 _  1,000 rrZ^b= 1 UYb1,000 for a \ h
ijUOO S. f  \  1  t  \ -T 5 'O'osO»(0 s0>(-)
calculated by esn m ai e — m e a n ) 2.

calculated

i~ooo X^6=i>0 bthestimate.  The rows of s.t

yb

i.e.
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Table 5.3: The estim ated mean squared errors (m.s.e.s) of three predictions for
1,000 simulated Tba realizations

plot m.s.e.

(* so,b)

m.s.e. in.s.e.

( Y J

m.s m.s.e. m.s.e.

{ Y s  o)
1 590.94 590.48 591.25 570.62 570.75 571.11
2 584.84 581.75 582.28 572.19 569.21 569.45
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
5 635.11 631.36 631.84 623.82 620.01 620.18
6 577.37 573.25 573.73 564.58 559.76 559.97

plot m.s.e.

Y«,A.
m.s.e. m.s.e. m.s.e. m.s.e.

{Ys0,a) (T sp )

m.s.e.

( Y so, b) ( y , , , )  ( Y so)
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
3 602.92 599.85 600.43 585.11 580.47 581.91
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

nYYY.{Y;)  =  r^oo £!=TW,JV+< -  *2> + i) 2 where Y ^ N+i, i =  1, . . .  ,6  denote 
the prediction at non-sampled plot i using those three prediction rules based on 
the generated values at sampled plots, 1 , . . .  , N  =  312 from the bih generated 
realization of size (N  +  6 ), and Y ^ N+i denotes the bth generated values at non­
sampled plot i.
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Figure 5.5: 1,000 simulated Tba values at 6 non-sampled plots and 1,000 Tba
predicitons at 6 non-sampled plots using prediction rules based on N  =  312 gen­
erated simulated Tba values at sampled plots. lJ
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R i o t  S
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(b). predictions: Y so,& 

d Six non-sam pled plots are depicted in Figure 5.4
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(Continued)

S O  4 0  6 0  6 0  ~i O O  -1 S O
F 3 i o t  s

4 0  6 0
P l o t  ©

S O  1  O O

(c). predictions: Y S0:C
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(d). predictions: Y SOt 

1J Six non-sampled plots are depicted in Figure 5.4
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Figure 5.6: The averages of predictions of Tba at 6 non-sampled plots based on
b realizations ^
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Figure 5.7: The averages of m.s. prediction errors of Tba at 6 non-sampled plots
based on b realizations x-l
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Figure 5.8: The estim ated m.s. prediction errors of Tba at 6 non-sampled plots
based on b realizations b
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Table 5.4: The sample means of three predictions for 1,000 simulated Lt realiza­
tions

plot E > , 6 Y1 5o,  a E 0 Y  , p , b
A 2 .7?.Y ,p,a

A 2 
7 . -y ,P

1 mean
s.e.

326.65
269.69

386.14
268.76

393.43
294.67

78029.13
16179.68

44950.54
9182.64

73047.77
15797.99

2 mean
s.e.

313.99
138.36

373.09
137.16

378.59
149.43

77478.82
17428.37

44622.34
9840.14

72515.31
17212.86

3 mean
s.e.

313.00
85.35

371.78
84.24

377.25
93.30

77201.84
18205.02

44486.38
10243.84

72275.49
18151.96

4 mean
s.e.

313.20
84.25

372.44
82.33

377.86
87.73

77773.47
16629.55

44808.08
9422.52

72821.06
16299.57

5 mean
s.e.

317.48
107.09

376.74
105.53

382.81
116.33

77507.75
16910.40

44598.28
9592.73

72510.77
16582.98

6 mean
s.e.

313.58
91.19

372.98
90.24

378.69
100.14

77644.60
16939.75

44676.59
9590.60

72622.34
16632.10

plot V1  S o ,  b Y*■ s0l a E 0 Y , P,b
<T~

y  p i a

1 mean
s.e.

308.98
89.16

369.25
95.06

374.65
104.46

84856.95
23578.76

49228.27
12173.23

80325.58
22124.56

2 mean
s.e.

307.04
55.23

367.27
61.03

372.32
64.80

84805.06
23560.53

49197.40
12163.67

80282.35
22110.38

3 mean
s.e.

306.75
47.29

366.93
52.63

371.91
55.09

84783.57
23554.82

49189.29
12162.34

80270.90
22108.09

4 mean
s.e.

307.27
45.42

367.51
50.08

372.56
52.64

84833.37
23570.77

49217.39
12169.95

80310.44
22120.14

5 mean
s.e.

308.39
47.49

368.66
51.82

373.87
•54.82

84817.83
23563.90

49198.62
12162.99

80284.19
22109.83

6 mean
s.e.

306.03
41.34

366.32
46.52

371.23
48.69

84820.89
23563.88

49196.06
12161.62

80280.33
22106-55

(a)^ YS0:b in Eqn. (5.25) YSo<a in Eqn. (5.32) FSOi in Eqn. (5.40) 
YS0}b in Eqn. (5.27) YSo>a in Eqn. (5.36) E 0, in Eqn. (5.41)

The rows

1 ; E1,000
1,000

' 6 = 1

of
'2

mean are calculated by  y m , G 0 0  y i >
1,000  2 ^ & = i  1  -

for Y b

*fb for a'L , i.e. i
1,000“OA-J

calculated by yoqq E&hi (bth es timate  — mean)2.

and
E L T  bth estimate.  The rows of s.e. are
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(Continued)

plot Y s 0 , b Y 30, O K '  2 
Y , p , b

H
Y , p , a

a l
Y , 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

2 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.e. 91.88 94.74 104.01 27209.12 13169.34 25427.57

plot Y1 s o ,  a
Y , p , b

o \
Y  , p ,  a

a l
Y , 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 mean 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 85.85 90.23 79207.74 29359.33 73291.06

(b). Y SOjb in Eqn. (5.30) Y So,a in Eqn. (5.37) Y so, in Eqn. (5.42) 

,6 in Eqn. (5.31) E so,a in Eqn. (5.38) Y SOt in Eqn. (5.43)b 'so

The rows of mean are calculated by t^oo E ^ T  Kn.f.l for YL.(.Y and
rooo E i i 00 for ^  , i.e. X^fi°° bthestimMe.  The rows of s.

’ *o. (0 *o.(0 ’

calculated by est imate — m ean)2.
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Table 5.5: The estim ated mean squared errors (m.s.e.s) of three predictions for 
1,000 simulated Lt realizations

plot m.s.e. m.s.e. m.s.e. m.s.e. m.s.e. m.s.e.

(n.,6) O'*,.) O'*) O'*,*) O'*..) (Yso)
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 88016.31 859-51.49 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 fmsTe. fnTsY. mTsTe. mTsx. rrusTe. fms~e.

Y So,b) ( Y S0,a) ( K ) (Y  s0,b) (h" s0,a) (Ys0)
1.00 664433.89 671152.29 894327.18 84225.36 85841.56 95514.36
2 .00 178954.31 178707.85 212130.77 81551.49 8065-5.10 83431.71
3.00 92412.14 90147.98 93269.51 85489.73 82860.87 83879.39
4.00 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 83202.99 800-58.34 77376.78 77728.57

~ Y9 ,N+i)2 where Yp\ N+l, 1 = I, -- - ,6  denote 
the prediction at non-sampled plot i using those three prediction rules based on 
the generated values at sampled plots, 1 , . . .  , N  = 312 from the bth generated 
realization of size (AT +  6 ), and N+i denotes the bth generated values at non- 
sampled plot i.
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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. x-l
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L Six non-sam pled plots are depicted in Figure 5.4
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(Continued)
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(d). predictions: Y s 

d  Six non-sam pled plots are depicted in Figure 5.4
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Figure 5.10: The averages of predictions of Lt at 6 non-sampled plots based on b
realizations ^
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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 estim ated 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

Estimates1!
Simple

Bootstrap
Semiparametric

Bootstrap
plot Ibo, b Y1 s 0 , a y1 so Y*o,b Y  So,a y1 so Y s o ,  b Ŷ  .30,0 Y

1  S  o
1 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 55.14 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 55.76 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 74.41 84.88 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

Estimates1!
Simple

Bootstrap
Semiparametric

Bootstrap
plot a Y , p , b O yY , p , a & Y , P

—2
a Y ,  p ,  b

—2
a Y ,  p ,  a

™2
a Y , p

—2
° Y , p , b

—2
a Y , p , a

—2
a Y , 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 6014.0 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 5507.7 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) 1657.4 5507.2 6018.7 1664.0 5531.7
(1426.8) (283.0) (1302.2) (1306.8) (273.1) (1193.8)

d The plug-in estim ates for d y  a and df, p are calculated by plugging in the N  observations 
and the estim ated a,- based on the N  observatoins. Also, the sam ple standard  deviations of 
YSOia, YSa, a'y a and by p are listed in parentheses.
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Table 5.7: The Plug-in estim ates for M at the selected 6 non-sampled plot loca­
tions

Plug -in Estim ates1-!
plot Yso Y « ,b Y1 s0, a Y1 So, u

1 14.16 54.71 29.15 46.66 44.87
2 43.73 60.01 37.79 55.26 57.17
3 70.20 62.24 46.87 64.33 70.12
4 34.58 53.23 31.81 49.30 48.65
5 79.14 73.80 56.08 73.57 83.32
6 136.13 77.26 57.26 74.75 85.01

Plug--in Estim ates1-!
plot & Y , p a Y , p , I a Y , P , b

A 2
a Y , p , a

A 2
a Y ,  p ,  u

1 2783.20 4355.37 5930.36 1708.26 5451.60
2 2781.68 4352.69 5925.70 1706.83 5448.46
3 2778.71 4351.56 5923.16 1706.20 5447.08
4 2783.03 4354.70 5928.64 1707.95 5450.92
5 2782.49 4353.52 5927.74 1707.30 5449.50
6 2779.34 4352.94 5927.17 1706.83 5448.47

1J The plug-in estim ates for YSo, YSoj ,  YSOib, YSo>a, YSo>u, Y ^ p a , and
<7y  p u are calculated by plugging the N  observations and the estim ated 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 o Ys0,b y1 *0, a Y1 s 0,11
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 Met rod
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 63.50 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)

d The bootstrapped  estim ates for YSo, YSoj ,  YSOib, YSOi<l, Y$0tU, ay>Pli, &y lP,b> 'aY,p,ai
and &y u are calculated by plugging the boo tstrapped  sam ples and the estim ated  a,: based on 
the bootstrapped sam ples 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 boo tstrapped  estim ates 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 a =  0.05
estimates for M at the selected 6 non-sampled plot locations

Plot Y,0 Yso,I Yso, & Ysa,a y
1  S o ,  1i

Normal Interval Estim ates
1 (-89.25, 117.56) (-74.64, 184.06) (-121.78, 180.09) (-34.35, 127.66) (-99.85, 189.58)
2 (-59.64, 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)

B ootstrap-t Interval Estim ates
P lot Simple B ootstrap  M ethod: 1,000 boo tstrapped  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 Sem iparam etric B ootstrap  M ethod :!,000 boo tstrapped  samples
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)
6 (24.23, 110.49) (12.57, 137.67) (-11.20 114.04) (32.65, 99.71) ( 6.87, 139.83)

Normal Pis for M at non-sampled plots with level a  = 0.05 are
( f S0 — 1.96 mspe, YSo +  1.96 insp'ej . Bootstrap-t Pis for Tba at non-sampled plots

with level a  — 0.05 are ~~ h i-a ) rnspe, YSo +  £(a) fnsp~ej , where the empirical
a  and I — a  quantiles is defined by the k largest and (b + 1 — k) largest values of 
Yq sq, respectively, and k — [{b+ l)a ], the largest integer <  (6  +  l)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 Estim ates1-!
plot Y Y*  s 0 ,  a Y1  S o ,  u

1 366.99 367.64 301.14 360.21 364.78
2 382.81 367.64 301.14 360.21 364.78
3 357.75 367.64 301.14 360.21 364.78
4 364.88 367.64 301.14 360.21 364.78
5 353.88 367.64 301.14 360.21 364.78
6 332.11 367.64 301.14 360.21 364.78

Plug-in Estim ates1-!
plot ° Y , v ^ Y , P , I

-2
Y ,  P ,  b

A 2
® Y ,  p .  a

A 2

® Y ,  p ,  u

1 70124.14 70076.19 80519.00 47181.89 76268.33
2 69990.37 70076.19 80519.00 47181.89 76268.33
3 69971.56 70076.19 80519.00 47181.89 76268.33
4 70066.70 70076.19 80519.00 47181.89 76268.33
5 69976.19 70076.19 80519.00 47181.89 76268.33
6 69986.57 70076.19 80519.00 47181.89 76268.33

1J The plug-in estim ates for YSo, YSa>I, YSOtb, YSo>a, YSo>tI, a \ p I , p h, d y iPja, and

&Y P u are calculated by plugging the N  observations and the estim ated  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 5.11: The averages of Lt predictions at the selected 6 non-sampled plot
locations from bootstrapped samples

1 ,000  bootstrapped samples

Plot ? S0 Ysoj Y ' 0,b Y1 sq, a Y1 s0, u
Simple E ootstrap Method

1 366.65 368.39 302.83 362.03 366.84
( 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 Bootsltrap 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) (6 6 .0 1 ) 68.92)
5 367.38 367.94 310.13 363.22 366.42

( 6 8 .1 0 ) (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)

1J The bootstrapped estimates for YSo, YSaj ,  YS0: b, YSa>a, YSo<u, a-^p , ^ y iP>b, Vy.p.ai
and <t|.- p u are 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 (5.4-5), 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 a =
0.05 estimates for Lt at the selected 6 non-sampled plot locations

Plot 7 T Yso,I L«0, a Ys0, u
Normal Interval Estimates

1 (-152.03, 886.02) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51, 906.06)
2 (-135.72, 901.35) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51,906.06)
3 (-160.71, 876.21) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51, 906.06)
4 (-153.93, 883.70) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51, 906.06)
5 (-164.60, 872.36) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51, 906.06)
6 (-186.41, 850.63) (-151.21, 886.49) (-255.03, 857.30) (-65.53, 785.95) (-176.51, 906.06)

Bootstrap-t Interval Estimates
Plot Simple Bootstrap Method: 1,000 bootstrapped samples

1 (514.97, 641.06) (563.48, 704.04) (459.80, 623.84) (466.42, 554.90) (569.37, 754.65)
2 (518.84, 643.61) (564.22, 715.59) (470.98, 625.87) (470.88, 558.85) (582.00, 758.81)
3 (514.34, 653.66) (570.52, 726.38) (478.52, 637.50) (475.07, 565.85) (586.27, 769.57)
4 (511.89, 645.16) (571.31, 713.74) (475.22, 634.26) (473.90, 557.23) (586.76, 751.72)
5 (515.56, 645.14) (558.48, 705.80) (462.54, 617.17) (466.12, 556.16) (570.35, 749.66)

1 6 (512.29, 640.76) (562.69, 719.29) (472.00, 634.52) (469.82, 561.11) (576.65, 766.37)
Plot Semiparametric Bootstrap Method: 1,000 bootstrapped samples

1 (435.03, 641.82) (474.57, 726.97) (383.46, 672.45) (393.78, 550.58) (483.79, 775.28)
2 (434.94, 639.46) (471.47, 726.77) (380.55, 668.74) (393.00, 549.71) (478.96, 773.91)
3 (433.49, 640.55) (467.53, 726.94) (380.25, 673.03) (390.62, 549.86) (478.89, 777.44)
4 (433.52, 637.05) (467.44, 723.88) (379.58, 668.09) (390.25, 550.84) (477.24, 776.45)
5 (423.41, 633.26) (453.51, 719.50) (362.34, 660.63) (382.68, 546.14) (455.72, 768.07)
6 (429.98, 638.48) (463.94, 722.66) (372.72, 663.41) (387.56, 546.52) (466.78, 770.66)

Normal Pis for Lt at non-sampled plots with level a = 0.05 are
( y so — 1.96 fnspe, YSo +  1.96 mspbj . Bootstrap-t Pis for Tba at non-sampled plots

with level a  = 0.05 are ^FSo — t ( i - a) fnspe , YSo +  t(a) fnspej  , where the empirical
a  and 1 — a  quantiles is defined by the k  largest and (h +  1 — k)  largest values of 
Yq respectively, and k =  [(b +  l)a ], the largest integer <  (6  +  l)a .
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Figure 5.13: 1000 bootstrapping predictions of Tba at 6 non-sampled plots by
using the simple bootstrap m ethod ^
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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 estim ates for Tba at the selected 6 non-sampled plot
locations

Plug- in Estim ates1!
plot Y«,i Y«,b Y1 s 0 , a YA  S q , U

1 43.06 42.62 40.76 42.48 42.47
2 44.91 45.76 43.91 45.63 45.66
3 41.99 41.37 39.52 41.24 41.22
4 41.74 40.75 38.87 40.59 40.57
5 43.76 43.57 42.28 44.00 44.01
6 45.15 46.06 44.88 46.60 46.64

Plug­in Estim ates1!
plot

° Y , P
i n
° Y ,  P , i a Y , p , b

^ 2
a Y ,  p ,  a

a 2

® Y ,  p ,  u

1 587.01 590.50 577.61 555.80 574.59
2 586.37 589.59 576.71 554.93 573.70
3 586.33 589.44 576.55 554.79 573.56
4 586.73 590.11 577.22 555.43 574.21
5 586.20 589.48 576.63 554.83 573.60
6 586.32 589.58 576.74 554.93 573.69

1J The plug-in estim ates for Y S o , Y S o J , Y S o > b , YSo>a, Y S Q i U , i r \ v , c r \ ^ j ,  ° Y , P , a ’ and
& Y  p  u  are calculated by plugging the N  observations and the estim ated a8- 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 5.14: The averages of Tba predictions at the selected 6 non-sampled plot
locations from bootstrapped samples

1 ,000  bootstrapped samples

Plot ? S0 YsoJ K , b Y1  s 0 ,  a Y
1  S q , U

Simple Bootstrap Methoc
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

( 3.43) (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) (4.0-3)
Semi parametric Bootstrap M ethod

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 .1 0 ) (6 .2 0 ) (6 .1 0 ) (6 .12 )

3 43.42 43.46 41.71 43.39 43.40
( 6.13) (6 .11) (6.19) (6 .1 0 ) (6 .12 )

4 43.42 43.43 41.70 43.38 43.39
( 6.08) (6 .0 1 ) (6.09) (6 .0 1 ) (6.03)

5 43.76 43.67 41.93 43.61 43.62
( 5.86) (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)

d The bootstrapped  estim ates for Y S o , Y $ n j ,  Y S O t b , YSo, a . ? SOi„, 6 ^ p, c f y , p , i > ^ Y , p , b ’ 4 , p,a. 
and & y  p  u  are calculated by plugging the boo tstrapped  sam ples and the estim ated  a,- based on 
the bootstrapped sam ples 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 boo tstrapped  estim ates are listed and 
their sample stan d ard  deviations are listed in parentheses.
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Table 5.15: The averages of m.s.p.e. for Tba predictions at the selected 6 non­
sampled plot locations from bootstrapped samples

Plot A 2

aY v J
A 2

°Y,P,5 &Y, p, a ®Y, p, u
1 ,000  bootstrapped samples
Simple Bootstrap M ethod

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 Met rod
1 579.24 579.21 567.53 544.21 564.36

(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)

d  The boo tstrapped  estim ates for Y , 0, Y , 0 j ,  YSo,b, YSOia, Y S O i U , c r ^ p , & Y t P j ,  & Y , P , b ’ ° Y , P ,a> 
and f r y  p  u  are calculated by plugging the boo tstrapped  sam ples and the estim ated a,- based on 
the bootstrapped  sam ples into Eqns. (5.20), (5.22), (5.31), (5.38), (5.43), (5.21), (5.23), (5.29), 
(5.39), and (5.4-5), repsectively. Also, the averages of the boo tstrapped  estim ates are listed and 
their sample stan d ard  deviations are listed in parentheses.
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Table 5.16: The normal and bootstrap-t prediction interval (PI) with level a =
0.05 estimates for Tba at the selected 6 non-sampled plot locations

Plot Y*0 I YSOtI Y,0lb Y1  S o ,  a Y1 s  o . i t

Normal Interval Estimates
1 (-4.42, 90.55) (-5.00, 90.25) r (-6.35, 87.86) (-3.73, 8 8 .68) (-4.51, 89.46)
2 (-2.56, 92.37) (-1.83, 93.35) (-3.15, 90.98) (-0.54, 91.80) (-1.28, 92.61)
3 (-5.47, 89.45) (-6.22, 88.95) (-7.54, 86.59) (-4.93, 87.40) (-5.72, 88.16)
4 (-5.74, 89.21) (-6 .8 6 , 88.36) (-8.22, 85.96) (-5.61, 86.78) (-6.40, 87.53)
5 (-3.70, 91.21) (-4.01, 91.16) (-4.79, 89.34) (-2.17, 90.17) (-2.93, 90.96)
6 (-2.31, 92.61) (-1.53, 93.65) (-2.19, 91.95) ( 0.43, 92.77) (-0.30, 93.59)

Bootstrap-t Interval Estimates
Plot Simple Bootstrap Method:!,000 bootstrapped samples

1 (58.84 72.23) (54.95, 69.08) (40.47, 54.59) (57.70, 70.92) (60.33, 73.87)
2 (51.59 66.74) (30.07, 44.79) ( 6.90, 20.99) (23.69, 37.70) (16.14, 30.43)
3 (54.72 67.96) (45.37, 58.7.3) (29.54, 42.34) (46.51, 59.36) (4-5.59, 58.72)
4 (57.7-5 74.14) (60.06, 76.05) (48.22, 63.90) (64.73, 80.57) (69.58, 85.75)
5 (58.77 73.30) (36.22, 51.06) (10.53, 25.07) (27.69, 41.52) (21.34, 35.57)
6 (55.72 70.79) (34.47, 50.11) (15.20, 30.41) (31.87, 47.16) (26.89, 42.57)

Plot Semiparametric Bootstrap Method:!,000 bootstrapped samples
1 (37.98 59.58) (37.43, 59.39) (33.69, 56.03) (37.24, 58.74) (37.00, 58.94)
2 (34.78 58.27) (34.38, 58.70) (30.78, 55.26) (34.44, 58.06) (34.22, 58.26)
3 (36.27 59.68) (36.72, 59.66) (33.30, 56.85) (37.14, 59.39) (36.94, 59.61)
4 (37.72. 60.91) (37.99, 61.20) (34.70, 58.15) (38.17, 60.96) (37.97, 61.16)
5 (39.72 61.82) (39.87, 61.99) (36.11, 58.86) (39.78, 61.43) (39.57, 61.75)
6 (38.07 59.91) (38.36, 59.99) (35.04, 57.02) (38.60, 59.78) (38.42, 60.04)

Plot Simple Bootstrap IVethod:10,000 bootstrapped samples
1 (58.53 73.98) (54.86, 70.02) (40.50, 55.55) (57.40, 71.95) (60.04, 74.95)
2 (51.97 67.44) (30.49, 45.53) ( 6.98, 21.86) (23.95, 38.30) (16.38, 31.15)
3 (54.73 69.35) (44.83, 59.54) (29.07, 43.48) (4-5.95, 59.99) (44.99, 59.40)
4 (57.65 72.72) (60.48, 75.7-5) (48.27, 63.46) (65.19, 79.83) (70.00, 85.04)
5 (59.21 73.91) (36.96, 51.55) (11.14, 25.89) (28.10, 42.27) (21.82, 36.39)
6 (54.97 70.82) (34.71, 50.32) (15.03, 30.71) (31.91, 47.10) (26.91, 42.50)

Plot Semiparametric Bootstrap Method: 10,000 bootstrapped samples
1 (38.07, 59.91) (38.36, 59.99) (-35.04, 57.02) (38.60, 59.78) (38.42, 60.04)
2 (37.47, 60.80) (37.40, 61.01) (33.90, 57.73) (37.72, 60.44) (37.48, 60.75)
3 (-38.07, 59.91) (38.36, 59.99) (35.04, 57.02) (38.60, -59.78) (38.42, 60.04)
4 (37.47, 60.80) (37.40, 61.01) (33.90, 57.73) (37.72, 60.44) (37.48, 60.75)
5 (38.07, 59.91) (38.36, 59.99) (35.04, 57.02) (38.60, 59.78) (38.42, 60.04)

1 6 (37.47, 60.80) (37.40, 61.01) (33.90, 57.73) (37.72, 60.44) (37.48, 60.75)

Normal Pis for Tba at non-sampled plots with level a — 0.05 are
(^YSo — 1.96 rnspe, YSo +  1.96 mspe^j . Bootstrap-t Pis for Tba at non-sampled plots

with level a  — 0.05 are ( y so — i(i_a) fnspe, YSo i^a\ ■msp'ej , where the empirical
a  and 1 — a  quantiles is defined by the k largest and ( b  +  1 — k)  largest values of 
Y q  sq, respectively, and k =  [ ( b  +  l)o ], 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:

Estim ated CV MSE
M Lt Tba

mean 4565.89 72554.39 594.19
(i) (i) 4460.45 72427.10 578.65
(I) (2) 4538.72 71076.21 593.15
(H) (1) 4479.64 72604.46 593.24
(II) (2) 4452.72 72083.02 593.61
(III)(1)
’’plain” 4997.42 76491.22 597.11
”approx. unbiased” 4570.10 72191.29 593.59
’’unbiased” 4566.68 72135.66 593.59
( m ) ( 2)
’’plain” 4968.46 76914.79 596.38
’’approx. unbiased” 4550.76 72601.75 593.17
” unbiased” 4551.08 72603.81 593.22

The prediction rules are listed in Section 5.4 and the correlation function fittings (I)(1) -  (III)(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:

Estim ated CV MSE
M Lt Tba

mean 259.13 4496.99 45.90
(i) (i) 221.58 2982.51 25.11
(I) (2) 222.54 3083.69 23.68
(II) (1) 259.13 3051.68 24.80
(II) (2) 259.13 5043.43 23.42
(IH)(1)
’’plain” 410.63 2838.51 25.86
’’approx. unbiased” 400.63 2846.88 25.46
’’unbiased” 1.8  x e70 2952.69 25.37
(III)(2)
’’plain” 389.95 3305.26 24.32
’’approx. unbiased” 382.07 3333.25 24.08
’’unbiased” 3.6 x e61 3484.45 25.87

The prediction rules are listed in Section 5.4 and the correlation function fittings (I) (1) -  (III)(2) 
are listed in Section 5.3.
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6. SPA TIA L Z ER O -IN FLA T E D  M O D ELS

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 P oisson  R egression  M odel

The Poisson regression model is the bench m ark model for count data in much 

the same way as the normal linear model is the bench m ark 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[\(xi)\  where Y] \ ap- stands for the conditional distribution

of Yi given the realization ap-, which represents the explanatory variables, 

and A(ap) =  £(Y{  | ap).

(2) A(ap) = exp(x ,i/3), i = 1,. . . , N,  where (3 is a k x 1 param eter vector.

(3) =  , 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 our data.

6.2 A uto-Poisson  M odel

W hen spatial data  are counts, it 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 th a t If 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 yi =  0 , 1 , . . . ,

PHXi = y, | f a  : i *  0) = 11 = i  /  0)1" (fU)
Vf

where K{{yj  : j  ^  *}) — exp{cti +  EyL i E lb 'h  N  denotes the number of sample 

sites and Oij =  0 unless plots i and j  are neighbors of each other under some 

chosen neighborhood system.

The joint distribution for y= (y i ,  y 2 , ■ ■ ■ , y n) is

Pr{y)  =  E z  e ip (Q (i) )  (6'2)

where E z  exP((Q(z )) is the normalizing constant and Q(y)  is given by

N N

q (y) = +  Y  Y 1<i<1<N 9»yw - Y  l°9M- (6-3)
i= l  2=1
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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 param eter space is { a ,  (% ): «  e R N ; 8 i3< 

0, for ail i , j  =  1 , . . .  , N  }). The explanatory variables might be used in modeling 

by e x p ( c i i )  = exp(x>i/3) where ad is a m atrix of covariates at plot i, and f3 is a 

vector corresponding to the coefficients of ad.

6.3 Zero-Inflated C ount D a ta  M odel

For discrete distributions, it is relatively straightforward to select one or more 

specific outcomes and increase the probability of th a t outcome or outcomes relative 

to the probability of some underlying model. The only two restrictions are the 

fundamental requirements for probabilities, namely tha t 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-param eter 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 

Ms, L ts and T bas. 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 i/s- =  0 and the other is a Poisson distribution. A
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m ixture model of this type with a degenerate component is sometimes referred to 

as a nonstandard m ixture model (McLachlan and Peel, 2000).

6.3 .1  Zero-inflated Poisson  (SZIP) m od el w ith o u t covariates

The idea of adjusting the probability of a zero outcome for the Poisson dis­

tribution is explained by Johnson and Kotz (1969, pp. 204-206) and term ed the 

Poisson with zeros (PWZ) 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 T) follows a ZIP model, then can be expressed as

Yt = Do (1 -  Bi) +  PI Bi = P[ Bi (6.4)

where Do =  0, the Bi 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 param eter A. The zero-inflated 

models with a standard Poisson P- were discussed by Yip (1988) for zero-inflated 

count data. He pointed out th a t explicit expressions for the maximum likelihood 

estimators (MLEs) of A and p are very unlikely. Let’s take a closer look at the 

likelihood function of y —(yi, J/2, • • • , Vn),

f  e~x \ y' 1
L{X, p;y ) = n f^  |[(1  - p )  + p e - x] I {o}{yi) + p   /{i,2 ,...}fa) j • (6-5)

Thus the log-likelihood function is

l { \ , p ; y )

=  in{L(X ,p ;y ) )
N  (  N  \

= YI  J{0}(yi)l°9 ((! -p)  +Pe~X) + ( N -  Y  J l°9(p)
i = 1 \  8=1 /

( N  \  N  N

N  ~ Y  )  + Y y i  l ° 9 ( X )  -  Y  l ° 9 ( y * 1 ) (6.6)
t  =  l  /  2 =  1 2 =  1
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Setting No — YliLi ^{o}(^) and differentiating equation (6 .6 ) with respect to  A 

and p, respectively, yields

81 —1 +  e~x AT N - N 0  , .
q -  =  r  , yA ro + ------------------------------------- 6.7)up 1 — p + pe  x p

and

81 —n e ~ x JX.
a x  =  r v y r ^ A" - ( - v - - v -) +  E ^ '  (6-8>

For any given A >  log(N/N0), the function /(A, p; y)  is maximized when

P = (1 — e -A) - 1(l — (6.9)
N

A =  J ]  yi[N -  — ----- ^ - j N o V 1. (6 .1 0 )
t —* 1 — p  +  p e ~ xI — 1 1 1

I t ’s unlikely to get a closed form for the maxim um  likelihood estimators of 

A and p. In Fong and Yip (1993), an EM-algorithm is proposed to estim ate the 

param eters for a m ixture model of two discrete distribution components including 

the Binomial, Negative Binomial and Poisson.

6.4  Spatial Zero-Inflated P oisson  M odel W ith o u t Covariates

6.4 .1  N on -sp atia l m otivation

We note th a t in Eqns. (6.4) and (6 .6 ) there are two types of zeros: one type

is obtained as B i= 0; the other as jEA=1 and y4- =  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 Pi -f 1 where Pi ~  Poisson(X). 

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 estim ators of p and A (shown later).
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If Yi follows a zero-inflated Poisson with a ”one-shifted” Poisson distribution, 

then by the law of to tal probability (which is P{A) — Y j  P { B j )P (A \B j ), where 

{B i}  is a countable collection of events th a t partition the sample space), the 

probability mass function of Yi is given below:

Pr{Yi =  yi)

— Pr(Yx =  0 | Bi = 0)Pr(Bi  =  0) +  P r ( l )  =  yt- -  1 | Bi =  1 )Pr(Bi  =  1)

(6 .11 )
e-Ay(2/;-i)

(1 -  p) I{0 }(yi) +  p m  /{i,2,...}(?/*)•
im -1 )1

Observing i.i.d. 1 1, . . .  , Y/v, the full likelihood is given by

L(X;y) = U l 1

e-Ayht-i)

(y.- -  i ) i

and the corresponding log-likelihood function is

(6 .12)

KXiP',y) = ln (L (X ,p]y ) )
N N N

=  Y  h ^ y i ) l ° 9 {1 -  p)  +  (N  -  Y  h o y i y i ) ) 1̂ ? )  -  K N  -  Y  / {°>(^))
4 = 1 4=1 i = l

N N

+  Y ( yi ~  l ) l°g(x ) -  Y  log(y* ~  x) ! kpp -y iv i ) -  (6.13)
4 = 1 4=1

Setting Nq =  X)mi ^{o}(P)) and differentiating with respect to A and p, respec­

tively, yields

dl_ _  -A h  N  - N p
dp 1 — p P

(6.14)

and

dl_
8 X

= -(JV-1\T0) + (6.15)

Hence, the maximum likelihood estim ates of A and p are

Y n  Y  A =  _  i
N  — No

and p =
N  -  No

N
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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 m ixture distribution with 

one component degenerate at zero and the other having a Poisson distribution. 

The subsequent section will introduce a Poisson m ixture which embeds spatial 

dependence.

6.4 .2  Spatial zero -in fla ted  Poisson  m od el w ith ou t covariates

The variable T) which follows a 9-summand ZIP model can be expressed as

Yi =  D 0 (1 -  B i )  +  { P ^  +  P}hr) +  P l hl) +  P l vu) +  Pj-vd)

+ P - (ci) + P}C2) + P}C3) + Pt{c4) + 1 )B i  = ( P  + 1 )Bi (6.16)

where P ^  denotes a Poisson distribution associated with the site i and P^hr'> 

denotes a Poisson distribution associated with the horizontal-right direction at

site (plot) i. The remaining P ^ ’s are similarly defined; whei’e hi, vu, vd, C\,

C2, c3, and c4  stand, respectively, for horizontal-left, vertical-up, vertical-down, 

south-west corner, north-east corner, south-east corner, and north-west corner. 

p j ' \ . . .  , Pj^ ( N  denoting the number of sites) are assumed identically Poisson 

distributed with mean Aq, where ranges over s, hr, hi, vu, vd, c\, ca, c3, and 

c4. Furthermore, all the P/'^’s and B^s  are assumed m utually independent. Such 

’’full” models have ten param eters. Since horizontal-left neighbors and horizontal- 

right neighbors are equi-distance to plot i, 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 param eters, we assume Xj-j =  Xhr =  A/,,, Xvu = Avd = Xv, 

ACl =  AC2 =  Ac(i), and AC3 =  AC4 =  Ac<2) , then the model has the 6 param eters, 

p, Xs, Xh, Xv, Ac(i), and Ac(2) . The param eter space is © ={ 9=(p, Xs, A ,̂ Xv,
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Ac(i), Ac(2) ): 0 <  p <  1, all A’s > 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  P aram eter estim ation

Pi in Eqn. (6.16) has a Poisson distribution with mean A since the P ^ ’s are 

independently Poisson distributed, where A := Xs +  2 ( - f  A*, +  Ac(i) -f Ac(2)). Thus

£[Y] = £[Pi +  1] £[Bi]

=  (A +  l )p, (6.17)

Var[Yi] = £[{Pt p l ) 2 B 2 ] - £ 2 [(P% + l)Bi\

= £{B2} (Var[Pi +  1] +  £ 2 [P{ +  1]) -  £ 2 {(Pt +  1 ))£2[{Bt]

=  p  {A +  (A +  I ) 2 } — p 2(A +  I ) 2

=  pA +  p (l -  p)(A +  l ) 2. (6.18)

Since two adjacent horizontal non-zero-value plots have one horizontal Pois­

son distribution in common, say P^h\  write Tj =  P ^  +  Hi +  1 and Y} = P ^  -f 

Rj  +  1, and then the covariance of Yi and Yj is

Co v [ Y tyY3] =  C o v [ B t { R t +  P<A> +  1), B 3 { R,  +  p (fc> +  1)]

=  Cov[BiP(h\ B 3P (}l)}

=  £ [ B t) £ [ B3} £ [ { P ^ f ]  -  { £ [ B i ] £ [ P ^ ] ) ( £ { B 3} £ [ P ^ ] )

=  p 2(A/j +  A2 ) — (pA/j)2

= P2\h  (6.19)
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and hence the correlation between Yt and Yj is

Cov[ Yi7 1
PYt ,YJ = Var[Y$Var[Yj\

P h
(6.20)A +  (1 — p)(X  +  I )2 

where A =  As -j- 2(A/,, +  A„ +  Ac(i) +  Ac(2)).

Similarly, for adjacent vertical plots and for the corner plots, the covariances 

are respectively p2 XV7 p 2Ac(i) and p 2Ac(2) . Since the A’s >  0, the model allows only 

non-negative correlations for directional neighbors. As XS7 Xv, Ayi) and Ac(2) tend 

to zero and p tends to one,
1

pY t ,Y3 - >  ^ '

Moment estim ators for the param eters are

p  =  B  ( 6 . 2 1 )

Ah =  m a x ( 0 ,  S h / B 2) (6 .2 2 )

Xv =  m a x ( 0 , S v / B 2) (6 .2 3 )

Ayi) =  m a x ( 0, Ayi) / B 2) (6 .2 4 )

Ac(2) =  m a x ( 0 7 S c(2) / B ' )  (6 .2 5 )

As =  m a x  ^ 0 ,  == — 2(A^ +  Av Ac(i) +  Ac(2) ) — 1 ^  , (6 .2 6 )

where B  =  1 — N q /N  is the sample proportion of non-zeros in the sample, N 0 is 

the number of observed zeros, Y  is the sample mean, Sh  is the sample covariance 

of adjacent horizontal plots, Sv is the sample covariance of adjacent vertical plots, 

S c(i) is the sample covariance of adjacent north-east comer and south-west corner 

plots, and S c(2) is the sample covariance of adjacent south-east corner and north­

west corner plots. In the cross products for Sh, S V7 S c( 1), and 5 'c(2) , 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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8.5 F u rth e r  D is tr ib u tio n  for C ount D a ta

A two-parameter generalization of the one-parameter Poisson distribution is 

the negative binomial distribution. We introduce a spatial zero-inflated negative 

binomial (SZINB) m ixture model which is similarly constructed as the spatial 

zero-inflated Poisson models.

6.5 .1  Spatial zero-in flated  negative  b inom ial (S Z IN B ) m odel

A random variable U  has a negative binomial distribution with param eters 

a  >  0 and £ >  0, w ritten U  ~  Negbin(a,  £), if its probability function is given by

- 1 )  o , u , . .

The mean and variance are given by

m  = a c

and

Var[U] = aC(l + 0  = £[U](l + C)-

Since (  > 0, the variance of the negative binomial distribution generally exceeds 

its mean, i.e. there is overdispersion. The overdispersion vanishes in the lim it for 

£ —> 0; if (  —t 0 and a  —> oo such th a t a (  =  A, a constant, then the negative 

binomial distribution converges to the Poisson distribution with param eter A.

We will reparam eterize from (a, ()  above to (A, (),  where a =  =  m i

Thus a spatial zero-inflated negative binomial model is given as:

Y{ = Do (1 — Bi)  +  (JJi +  1) B i =  {Ui +  1) Bi (6.27)

where Dq =  0, the Bi s are independent Bernoulli random variables with mean p, 

0 < p < 1 , and the Ui s are defined by

Ui =  u}s) +  u f r) +  v f l) +  u \ v u )  +  u\vd) +  I j \Cl) +  u \ C 2 )

+ U \C3) +  c f 4)) (6.28)
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where denotes a negative binomial distribution, Negbin(As,£), associated 

with the site i and u \ hr  ̂ denotes a negative binomial distribution, Negbin(Xhr , C)? 

associated with the horizontal-right direction at site (plot) i. The remaining f / ’s 

are similarly defined; where hi, v u , vd, Cy, c-2, C3 , and C4  stand, respectively, for 

horizontal-left, vertical-up, vertical-down, south-west comer, north-east comer, 

south-east corner, and north-west corner. , Û - are assumed identically

negative binomial distributed with A(.) and (  where ” (.)” ranges over s, hr, hi, vu, 

vd, cy, C2, C3 , and C4 . Furthermore, all the U ^ ' s  and Bfis are assumed mutually 

independent for each i. This ’’full” model has eleven param eters. To reduce the 

number of param eters, we assume A hi =  A hr — A h, Xvu — Xvj, =  Xv, ACl =  AC9 = 

Ayi), and AC3 =  XC4 =  Ac(2) , so th a t the model has the 7 param eters, p, (,  Xs, 

Xh, Xv, Xc(i), and Ac(2) . 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 w ith the 

additional param eter, (.

The main advantage of the negative binomial distribution over the Poisson 

distribution is th a t the additional param eter (  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.

195

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



6.5.2 P a ra m e te r  es tim a tio n

Assume that Yj follows a spatial zero-inflated negative binomial (SZINB) 

model. Then

£[!•] =  £[Ui +  1] S[Bi\

= (A +  1 )p, where A =  Xs A 2(Ah +  A„ ■+ Ac/i) +  Ac(2)) (6.29)

Var[Yi\ =  £[(Ut + l ) 2 B 2] - £ 2[(U + l ) B t]

=  S[Bf] (Var[LTi +  1] +  £ 2{Ut +  1]) -  £ 2[Ut +  1 )£2[(Bi}

=  p{A (l +  C) +  (A +  l ) 2} - p 2(A +  l ) 2

=  pA(l +  C) +  j»(l — p)(X +  l ) 2. (6.30)

We note tha t the difference between Eqns. (6.18) and (6.30) is pX(. 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 i and j ,  have a horizontal 

negative binomial distribution, say INN in common, write Ui =  + Ri + 1 and

Uj =  +  Rj  +  1 where R  indicates the remainder of variables in Eqn. (6.28).

Then the covariance of Yj and Yj is

Cov[Y, Yj] =  Cov[Bt (Ri + U™ +  1), B 3 (R,  +  +  1)]

=  Cov[BiU{h\ B 3U ^ ]

= £[Bi)£[B3]£[{U^f}  -  ( m ] £ [ U ^ ] ) ( £ [ B 3]£[U^])

= P2(A/i(l +  C) +  A I) — (p \ h ) 2

=  p2 Xh{l +  C) (6.31)

and hence the correlation between Yj and Yj is

C ov[ Y ,Y 3]
PY„Yj = Var[Y%]Var[Yj]

_______ pAfc(l +  ()________

A(l +  C) +  ( l - p ) ( A  +  l )2
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Similarly, the correlations between vertical neighbors, between C ^-co rner neigh­

bors, and C l2)-corner neighbors are

p .  —  _______ ,____________~T~_Q ____________ {  — v  g l 1) a r i f l  A 2) ( R  QQ)
A(1 +  C) +  ( 1 - | > ) ( A  +  1 ) 2 ’ ’ ' 1 3 j

Note tha t the covariances converge to those from a spatial ZIP model as (  —>■ 0. 

Moment estim ators for the param eters are

p = B  (6.34)

( S2 + (l -  =)F2 \
C =  max  f o ,  = - - = --------- 1 j  (6.35)

Ah = max  ( 0,  j (6.36)
V (1 +  C ) B - )

Xv = max  ( 0,  _ 9 j (6.37)
V (1 + ( ) B J

Ac(i) =  max  [ 0 ,  c(! )__2 ) (6.38)
V (1 +  C ) B 2 )

Ac(2) =  max  ( 0, — —■!-—o ) (6.39)
V a  +  o * V

As =  max  ^0, =  2 ( F  +  Xv +  Ac(i) +  Ac(2)) — 1^ , (6.40)

where 5  =  1 — N q/ N  is the sample proportion of non-zeros in the sample, No is

the number of observed zeros, Y  is the sample mean, S 2 is the sample variance, Sh 

is the sample covariance of adjacent horizontal plots, S v is the sample covariance 

of adjacent vertical plots, S c(i) is the sample covariance of adjacent north-east 

corner and south-west corner plots, and S c(2) is the sample covariance of adjacent 

south-east corner and north-west corner plots.

6.6 Spatial Zero-Inflated E xp on en tia l (SZIE) M od el for C ontinuous  
D ata
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Yi follows a spatial Zero-Inflated Exponential (SZIE) model if Yi can be ex­

pressed as

Y  = D0( 1 -  Bi) + Ut B t = lh B{ (6.41)

where the degenerate variable Dq =  0, the Bi s are independent Bernoulli random 

variables with mean p, 0 <  p <  1 , and the Ui s are defined by

Ui = u f ] + U\hr) + l f l) + u\vu) + u\vd) + u\Cl) + u\C2)

+ b f 3] + U}C4)) (6.42)

where U\^ denotes an exponential distribution, i.e. x > 0 , associated

with site (plot) i and u \hr̂  denotes an exponential distribution associated with 

the horizontal-right direction at site i. The remaining U\^ 's  are similarly defined; 

where hi, vu, vd, Ci, c2, C3 , and cp indicate respectively, horizontal-left, vertical-up, 

vertical-down, south-west corner, north-east corner, south-east corner, and north­

west corner. The variables U['\ . . .  , are assumed identically exponentially 

distributed with mean (3, where ranges over s, hr, hi, vu, vd, ci, c2, C3 , and 

C4 . Further, all the Uj'^s and B i  s are assumed m utually independent for each

i. Such a ’’full” model has ten param eters. To avoid over-p ar amet er iz at ion, we 

immediately assume (3m — flhr =  [3 hi (3VU =  (3vd =  f3v, (3Cl =  (3C2 =  (3p 1); and 

(3Cs =  f3C4 =  (3C{2), then the model has 6 param eters, p, (3S, /3h, (3V, dpi), and 

(3p2). 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 param eter schemes as those for SZIP (see Figure 6.1).
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Note tha t Ui has mean p := j3s +  2{{3h +  (3V +  PcW + (3C(2)). The param eter 

space is { 0=(p, f3s, (3h} /3V, (3c(ij, /3C(2)): 0 < p < 1, all /3’s >  0 }.

£[Yi \  =  £[Ui] £[Bi]

= (3p, (6.43)

V a r m  = £[Uf Bf] -  £ 2 [UtB,]

=  £ { B ? } ( V a r m  +  £ 2m ) ~ p 2i32 

=  PlPl + m  + Pi +  (3%  +  /?g(2,)] +P(  1 -  p )/?2 (6.44)

=  p(0) (6.45)

6.6.1 P aram eter estim ation

Since two adjacent horizontal plots, say plots i and j  have one horizontal 

exponential distribution, say in common, write Ui  =  U ^ + R i  and U3 = U ^  + 

R j  where R  indicates the remainder of variables in Eqn. (6.42), the covariance of 

Y t and Yj  is

C o v [ Y h Yj] =  C o v [ B t (Rt +  h W ) ,  B j  ( R j  +  U ^ ) ]  

=  C o v [ B i U {h\ B 3U ih)]

= m]£[B3]£{{u{h)f] - (mnuYnmB.nuW])
=  A P I  +  P i )  -  W 2

= P2Pl (6-46)

and the correlation between Yi  and Y j  is

C ' o v [ Y , Y 3]

PYt'Y3 ~  V a r [ Y i ] V a r [ Y j ]  

p2 Pi
=  J) ( 6 ' 4 7 )
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Similarly, the correlations between vertical neighbors, between C ^-co rner neigh­

bors, and C ^-co rn er neighbors are

Pi =  i = v, CW, and (6.48)
g\ 0)

As j3s, 0V, (3c(i) and j3c(2) tend to zero and p tends to one,

p n n  ->

Similarly, for adjacent vertical plots and for adjacent corner plots, the covariances 

are respectively p2/32, p2/32(1) and p2/32(2).

Moment estim ators for the param eters are

p = B (6.49)

Ph =  \ /m a x (Q ,S h) / B (6.50)

(3V =  m a x ( 0 , Sv) / B (6.51)

Pd 1) =  \ / m a x ( 0 , S c(i))/B (6.52)

/5c(2) =  \ / m a x ( 0 , S ci2) ) /B (6.53)
(  Y  , \

f3s =  m ax  { 0 , =  •— 2({3h +  ,3V +  $ c<i) A 8 C(2)) j  , (6.54)

where B  = 1 — N q /N  is the sample proportion of non-zeros in the sample, No 

is the number of observed zeros, Y  is the sample mean, S ’n is the sample covari­

ance of adjacent horizontal plots, Sv is the sample covariance of adj acent vertical 

plots, Syi) is the sample covariance of adj acent north-east and south-west corner 

plots, and S c(2) is the sample covariance of adjacent south-east and north-west 

comer plots. In the cross products for Sh, S v, S c( 1), and Sc(2\ , 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 G am m a (SZIG ) M odel for C ontinuous D ata

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 a  >  0 and

7  >  0, denoted by U ~  G a m m a ( a / 7 , 7 ), where the mean and variance are given

by

S[U] =  a

and

Var[U] =  0 7  =  £[U]( 7 ).

W hen o  =  /3 =  7 , the distribution yields the Exponential distribution.

A spatial zero-inflated gam m a model is given as:

Yi  =  D o (1 -  Bi) + Ut Bt = Ui B i  (6 .55 )

where D0 =  0, the B £ s are independent Bernoulli random, variables with mean p,

0 <  p < 1 , and the U£s are defined by

Ui = u}s) +  u \hr) +  u \hl) +  u \vu) +  u \vd) +  u \Cl) +  l f 2)

+u\Ci)+ u\Ca]) (6 .56)

where U-ŝ  denotes a gamma distribution, G a m m a ( ^ ,  7 ), associated with the 

site i and U\hr̂  denotes a gam m a distribution, Gammc^2̂ ,  7 ), associated with 

the horizontal-right direction at site (plot) i. The remaining U ^ ’s are similarly 

defined; where hi, vu, vd, cx, , C3 , and c4 denote respectively, horizontal-left, 

vertical-upper, vertical down, south-west corner, north-east corner, south-east 

corner, and north-west corner. Ui \  . . .  , U^ are assumed identically gamma dis­

tributed with a and 7  where ranges over s, hr, hi, vu, vd, <7 , c-i, C3 , and c4.
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Furthermore, ail the £/(•)’ s and B 7s are assumed m utually independent. Such a 

’’full” model has eleven parameters. To avoid over-parameterization, we assume 

&hi — rr/ir — ah, a vu Q-vd ay, a ^  api) ? and a ĉ  — a ĉ  — 07(2), then the

model has 7 param eters, p, 7 , a s, ah, otv, a y i) , and ap 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 tha t the additional param eter 7  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 P aram eter estim ation

Assume th a t T) follows a spatial zero-inflated gamma (SZIG) model. Then

S[Yi\ = £[Ut] £[Bi]

=  ap, (6.57)

where a — a s +  2 (oy +  a v +  ap  1) +  oyw), and

Var[Yi\ = £{U?Bf] -  £ \ l J tB^  

=  £[Bf] (Var[Ui] +  £ 2 [Ut}) -  £ 2 [Ui]£2 [(Bi]

— p {cry +  a 2} — p 2 a 2

=  pay  +  p(l  — p)a 2. (6.58)

Since two adj acent horizontal plots, say plots i and j  have one horizontal 

Gamma distribution, say in common, write Ul = +  Ri and Uj =  +

Rj  where R  indicates the rem ainder of variables in Eqn. (6.56), and then the
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covariance of Yt and Y3 is

Cov[Yt, Yj] = Cov[Bi (Rt +  C/W), B3 ( R j  + U (h))] 

=  C o v [ B i U (h\  B 3U {h)]

=  £ [ B j ] £ [ B j ] £ [ ( U ^ ) 2] -  ( £ [ B t] E [ U ^ ] ) ( £ [ B 3] £ [ U ^ ] )

=  p 2( a h-f +  a \ )  -  (p a h f

=  P2a h l  (6.59)

and hence the correlation between Yi  and Yj  is

C o v \ Y j , Y j ]

PY"Yj Var[Yt]Var[Yj]

PCXhl (6.60)cry + (1 — p)ce2

Similarly, the correlations between vertical neighbors, C ̂ -co rn e r neighbors, and 

C(2)-corner neighbors is

Pi =  ----  w 9 , i = v, c(1), and c(2). (6.61)
cry +  (1 — p )a l

Moment estim ators for the param eters are

P = B  (6.62)

,  =  r a M , U T i i n l E ! ' , ( 6 .6 3 )

a h — m ax  ( 0, (6.64)

m ax  ( 0, I (6.65)CXj)
- i f

a p i) =  m ax  ( 0 , j (6 .6 6 )

a c(2) = m ax  ( 0 , ) (6.67)

cr, = m ax  ( q, =  — 2 (d/j +  o.v +  d c(i) +  tic(2) )^ , (6 .6 8 )
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where B  =  1 — N q/ N  is the sample proportion of non-zeros in the sample, N q is 

the number of observed zeros, Y  is the sample mean, S z is the sample variance, Sh 

is the sample covariance of adjacent horizontal plots, Sv is the sample covariance 

of adjacent vertical plots, Sc{i) is the sample covariance of adjacent north-east 

corner and south-west corner plots, and Sc{2) is the sample covariance of adjacent 

south-east corner and north-west corner plots.

The estim ator of 7  in Eqn. (6.63) allows for the zero-value of 7 . When 7  =  0, 

Ui in Eqn. (6.56) is degenerate at zero, which causes problems. To overcome this 

difficulty, an alternative estim ator for 7  is

7  ait = ^  (6.69)
(—0)

where Y (_0) =  E Z i  Y i / (N  — N0) is the sample mean of the (N  — N0) non-zeros, 

and *S|_0) is the sample variance of the (N  — N 0) non-zeros. Then a non-negative 

estim ated 7  is ensured. We didn’t obtain zero estim ates of 7  in our data, but 

it could happen. Both estimators of 7  are applied to our data. The results are 

summarized in Table ( 6 .8 ).

For M, Lt, and Tba, prediction rule (3) based on a spatial ZIG model, marked 

by +  in Figure 6.9, has the largest 1CV estim ated RMSE. The graph of RMSE 

of Tba fitted by SZIG is similar to the one fitted by SZIE except for the big jum p 

for scheme (2a). An additional scale param eter 7  reduces the overestimation of 

fi = ap  in SZIG model under scheme (2a). The average of estim ated means is

43.62 which is close to the sample mean of Tba values. The smallest RMSE of 

Tba belongs to SZIG under scheme (2b).

Both spatial zero-inflated models for Tba data agree on the same scheme (2b) 

with the 1CV estim ated RMSE of 19.5 which is close to the smallest RMSE for 

spatial model (3.4) described earlier.
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6.8 P red ic tio n

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 estim ated mean,

Y  = ft, (6.70)

2 . predict with neighboring observations by weighting them  with estim ated

correlations, The predictor under spatial ZI models is 

N  N  N

Y  = £ +  XZ Ph{Y3 -  £) +  ^ 2  w O 'j ~~ h) +  XX ^  ~~ ^
j e N h j e N v d e iv c(1)

N

+  XX (Yj _  £ ) ’ * =  1,•• • , N, i ±  j  (6.71)
jeiV(2)

where AT, N v: Afp), and A/jp) respectively denote the neighborhood of plot i 

in the horizontal, vertical, C ^ -co rn e r and Ch2)-corner directional neighbors.

3 . predict with neighboring observations by weighting them  with estim ated

correlations and rescaled so th a t the weights sum up to 1 ,

The prediction of using spatial zero-inflated models is usually taken to be

£[Y, j Y i,. . .  , Yi-1, Yi+1, . . .  , Yn ] =  £[Y  j neighboring Yjs,  j  /  i\.

Since it is hard to get an explicit form of the mean of Y] conditioned on 

the neighboring Yj’s, a linear combination of the neighboring observations 

is used instead. Then the prediction of 1y, i =  1 , N , i  Y  j ,  can be
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expressed as

^  =: ^  v j T  d vYj  +  'y  ̂ a c(i) Yj
j € N h j £ N v je A Tc(i)

+  ] T  acWYh  (6.72)
3^Nc(2)

where Ah, N v, N p i), and N p q respectively denote the neighborhood of plot i 

in the horizontal, vertical, CW-corner and Ch2)-comer directional neighbors.

Thus the mean squared error of the prediction in Eqn. (6.72) is

£ W  -  t f ]

— £{\X ~  ®h(Yih +  h r /i) — d v ( Y uv +  Ydv ) — a c( i ) ( l Cl Y C2)

- a ci2]( Y C3+ Y Ci) r )  (6.73)

Now constraining aj =  1; Eqn. (6.73) yields

-  K f ]

=  [(E" h) ®h(Ylh P Yffa ^i) d v ( \ uv p  T  f  dv d)

—a c( i ) (y ci — p  +  Y C2 — p )  — a c(2) ( Y Cs — p  +  Y Ci — / i ) ] “ )

=  cr2( l  +  2 a 2 +  2 a 2 +  2 a 2 ^ +  2 a 2(2j )  — 2 (2 a / lp/l<x‘J) — 2 ( 2 a ll/ \ 1a " )

—2 ( 2 a c(i) p c(i) er2 +  2a p p  p  p 2) a 2) +  2[2a?la„(/?c(i) +  p p p  )<j2]

+ 2 [ 2 a ^ ( a c(i) +  2 a c(2) )pv^ ]  +  2 [2 a „ (ac(i) +  2 a c(2) )phO'~']

fl (cq, , GEc(i) , dc(2) ) (6 . / 4)

Eqn. (6.74) can be rew ritten as a Lagrangian function corresponding to the

constraint • cij =  1 as

9 {dy, dh-, dc(l) , Clp2) , A)

=  h (av, G/i, nc(i), ac(2)) A[2(a/j, +  a„ +  a c(p +  ac(2)) — 1] (6.75)
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Differentiating the g(.) with respect to a ’s and A, respectively, yields 

dg
dah
8g_
Ody
dg

dac(i)
% 

dac( 2) 
dg_ 
dX

— a 2 [4ah — 4ph +  «i>(hc(i) +  Pc(2)) +  2(ac(i) +  2ac(2) )pv\ — 2A

=  cr2 [4a „ — 4pt. +  ahipcW +  pc(2)) +  2(ac(i) +  2ac(2) )ph] — 2A

=  a-2 [4ac(i) -  4pc(i) + 4ahpv +  4avph] -  2A

=  a-2 [4 ac(2) -  4pc(2) +  4ahpv +  4avph] -  2A

=  1 — 2(cih +  av +  ac( 1) +  ac(2))

Setting 7̂ 7- =  0 and I f  =  0, the solutions are

a/i =  - l / 4 ( 6 p „  -  3 p c(i) -  3 p c(2) -  4p h +  4 p \  -  6 p h p cn) -  QphPc(2) -  10p \

+ 4 p h P c(2) +  4 p h p c{i) +  QphPv +  2 p / (2) +  4 p c(i} p c(2) +  2 p c(i) +  1 ) ( D

av — — 1/4(6/9^ — 3 p c(i) — 3 p c(-2) — 4p.y +  4 p 2 — 6p„pc( i> — 6pvpc(2> — 10p2

+ 4 p „ p c(2) +  4 p ^ p c(i) +  6 p h p v +  2 p p 2) +  4 p c( i)pc(2) +  2 p c(i) 4- 1 ) / D

a y e  =  —1 /4 ( 1  — 3 ph +  6 p c(i) — 2 p c(2) — 3p„ +  4 p c( i )phpv +  2p2 — p vp c(l) 

+ 7 p vp c(2) +  2 p \  +  7 p h p c(2) — PhPcW — 4  p h p v — p 2(2) — 0 p c(2) p c(i)

—5 p 2(1) — 4 p c(2) phPv — 2p/(i) +  2 p / (2) — 2 p c(2) p 2(i) +  4 p h p 2cd)

— 2 p c( i ) p l  — 2 p c( i )pv +  2 p c(i) p c(2) +  4 p v p c(1] +  2 p c(2)ph 

- 4 p h p 2c(2) -  4 p v p ci2) +  2 p c(2)pv ) / D

ac( 2) =  —1/4(1 — 3ph +  6pc(2) — 2pc(i) — 3py +  4pc(i) phpv +  2p2 — pvpci2) 

+7pvpc[i) + 2p2h +  7phpcm -  PhpcP) ~  4phpv -  p2(i) -  6 pc(2)pc(i) 

—Op2 2 ) — 4 p c(2)phpv — 2 p f (i) +  2 p ^ 2) — 2 p c(2) p 2 i) +  4 p hp 2c(l) 

—2pc(i)pl — 2pc(i)p2 +  2pc(i) p/{2) +  4p„p2(1) +  2pc(2) p2 

—4 p h p 2{2) — 4 p v p c(2) +  2 p c(2)pv ) / D
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and

D — —2 +  2ph +  2pc(i) pc(2) +  pc{ i) +  pc( 2) +  2 pv — 2 phpv — 2pvpc(t) — 2pvpc(2) 

—‘ZpkPcW ~~ 2 p h p cm  +  Py +  p l  +  Pc(2) +  pl(i)

Hence, the prediction for Ip, i =  1 , . . .  , IV, I ^  j ,  yields

=  P +  Y  p )  +  ^  “  A )  +  a c ( D  -  A )
j'GAd jgJV„ iGA^(1)

+  J ]  acm { Y j -  p)-  (6.76)
* NJ*)

where a ’s are explained below.

If fy has no neighbors, it is predicted by the estim ated mean. If it has

neighbors, it is predicted using the weighted function of the p’s for the

difference (Yj — p). Assuming ph = pv =  phv, the prediction equation 

becomes

Y  =  P +  Y  o-hv{Y3 - f i ) +  Y  « c ( i ) ( X ?  ~  p )
]£Nhv ANji)

+  Y j  ĉ<2) (Yj — p) (6.77)
ie iv c(2)

where the a ’s are

1 +  '2(f>hv ~  PcW ~  Pci2})
ttfiv

d p i )

ac( i) -

4(2 — 4phv + pc( i) +  Pci2))
1  —  6 / 3 / h ,  +  7 p e ( i )  —  p c(2) A  S p h v ( p ci2 ) —  p c ( i ) )  +  2 ( p ^ (1) —  p ^ ( 2 ) )  

4(2 — 4/3/™ +  p c(i) +  pc(2))
1 — 6 phv +  7/3c(2) — p c{i) +  8 p h v i pc i2) ~  Pc(5) )  — 2 ( p ^ (1) — /3^2))

4(2 — iphv +  pc(i) +  pc(2))

Assuming pyij =  pc(2) =  pc, the prediction equation is

=  p + Y  hĥ Yi ~ ft  +  Y ~  a )  +  Y  _  a )  (6 -78 )
j e N h j £ N v j e N c
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Thus

1 +  6 p h -  4 /A  -  6 p c +  Q p h P v  +  4 ( 2 p h -  3 p v ) p c -  1 0 p i  +  4 p \  +  8 p 2c

ah ~  A D
,  _  1 +  Qpv -  4 ph ~  Qpc +  Gf»hPv +  4 ( 2 p v  -  3 p h )pc ~  1 0 p i  +  A p\  +  8p;?

“  4 1 4

1 — 3 (f>h +  p v )  +  4 pc — 4 phpv +  Q(ph +  Pv)pc +  2 ( p |  +  — 6 /3 ^)a =  ---------------------------------------
AD 

and

D = 2 -  pc -  2ph -  2pv + 2phpv +  4pvpc +  Aphpc -  pi  -  pv -  Apc 

Assuming p h  = P v  — p h v  and p c(i) =  pc(2) =  P h v c  the prediction equation is 

Yi = A + Y  hhv̂  _ T) + °c(̂  ~ A)- (6-79)
jeNhv

Thus

1 T  2 p ^  — 4pc . .
=  o/'DZTo a  Y T 4  (6-80)8(1 2ph v +  pc j

1 -  6p ^  +  6/3c
(6.81)

8(1 — 2 p ^  +  pc)

Assuming ph = Pv — Phv — pcm — pc{2) =  pc, the prediction equation yields

y  = p +  Y  - a) +  Y a^ ' ~ £)• (6-82)
ieiv^ jW c

Thus

=  s T r z r h  (6-83)8(1 Phv)
1

=
8(1 phv")

Assuming pc(i) — pc(2) =  0, the prediction equation is

Yi =  A +  n/i(U ~~ A) +  r+ U j — p). (6.85)
ieivh

209

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



Assuming p h  — p v  = P h v  and pc(v, =  pp2) =  0, the prediction equation yields 

Yi = P+Y^j ah(Yi ~ A) + ^2 ~ d)- (6.88)
j € N h j e N v

Thus ah — 1/4 =  a v and the prediction equation yields

Y{ =  /J +  l/4[(Y;/i — /t) +  iy'rh — p)  +  (Idtf ~  p)  +  (Yuv — A)]-

4. predict with estim ated conditional mean and generated Bernoulli 15’s.

If Bi = 1, then the prediction of T) is I) — T[Ti j B t =  1]; otherwise Id =  0.

6.8.1 P red iction  equations for SZIP

To simplify param etrization, we will investigate a 1-fold (leave-one-out) cross- 

validation (1CV) for estim ating RMSEs of the data based on 7 candidate SZIP 

models with the following param eter assumptions:

(la ) assume th a t Xh = Xv = Xhv and Xpp =  Ac(2) =  0 ,

(lb ) assume th a t Acp) =  Ac(2) =  0 ,

(2a) assume th a t Xh = Xv =  Ac(i) =  Ac(2) =  Ahvc,

(2b) assume that Xh = Xv =  Ahv and Ayn =  Ac(2) =  Ac,

(2c) assume that Ac(ii =  Ac(2) =  Ac,

(2d) assume that Ah — Xv = Xhv,

(2e) assume that Xh, Xv, Xpp , are Ac(2) 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 estim ated mean

Y i = p { \  + 1) (6.89)

where A =  Xs +  2 (Ah +  A„ +  Xc(i) +  Xc(2 -,)- Under the different scheme as­

sumptions, the number of param eters Ads is reduced.

‘2 . predict with neighboring observations by weighting them  with the estim ated 

correlations.

From Eqn. (6.20), the estimators of p,-’s are given by

 pX,_______

A +  (1 — p)(X  +  1)
Pi — ----------  J"'~---------; i =  h, v, c ^ \  and c*2-

and

A =  Xs +  2(Ah +  A„ T  Ac(i) +  Ac(2) )

3 . predict with neighboring observations by weighting them  with estim ated 

correlations and rescaled so tha t the weights sum up to 1

The prediction of Yi, i =  1 , . . .  , N .  i ^  j ,  can be expressed as

U  — ^   ̂ T  ^   ̂ d y Y j  -j~ ^  ^ A j

j € N h j e N v  i e N c(i)

+  Y I  U(2)Aj, (6.90)

where Aff, Ay, A/yi) , and Ayi) respectively denote the neighborhood of plot i 

in the horizontal, vertical, CW - c o r n e r  and CA2)-corner directional neighbors 

and hi is a function of pi in the previous prediction rule.
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4. predict with estim ated conditional mean and generated Bernoulli IBs. 

If Bi =  1, then the prediction of If is If =  A +  1; otherwise If =  0.

6.8.2 P red iction  equations for SZIN B

The prediction rules for SZINB are

1 . predict with estim ated mean

Y  = p(X + 1) (6.91)

where A =  As+2(A/l+A.u+Ac(i) +Acp)) and A,- =  ey (  for i = h, v, N1), and J 2h 

Under the different scheme assumptions, the number of Ads is reduced.

2 . predict with neighboring observations by weighting them  with estim ated 

correlations.

From Eqn. (6.32), the estim ators of pds are given by

Pi =   --------„ p " ^  d~ C) -̂-------  i = }% v CW and c ^
A(1 +  C) +  (1 -P )(A  +  1) 2

and

A =  Xs +  2(Ah +  Xv +  Ac(ij T  Ac(2) )

3 . predict with neighboring observations by weighting them  with estim ated 

correlations and rescaled so th a t the weights sum up to 1

The prediction of Yi, i =  1 , . . .  , IV, i ^  j ,  can be expressed as

^  =  ^  'y j  T  ^   ̂ av\ j  T  ^   ̂ ac(i)Yj
j&Nh jSNv i£JN(i)

+  hc(2) Vj, (6.92)
Y N c(2)
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where Ah, Nv, Apt 1) and Ngi) respectively denote the neighborhood of plot i 

in the horizontal, vertical, C ^ -co rn e r and C ^-co rn er directional neighbors 

and hi is a function of pi in the previous prediction rule.

4. predict with estim ated conditional mean and generated Bernoulli B's.

If Bi  =  1, then the prediction of Y] is % =  A + 1 =  a, (  + 1, otherwise 0  = 0.

6.8.3 P red ic tio n  eq u a tio n s  for SZIE

The prediction rules for SZIE are

1 . predict with estim ated mean

Yi =  p 0  (6.93)

where j3 =  0  +  2{ 0  Y 0, Y  0(i) Y  0 ( 2)). Under the different scheme assump­

tions, the number of /3ds is reduced.

2 . predict with neighboring observations by weighting them  with estim ated 

correlations.

From Eqns. (6.47) and (6.48), the estim ators of pi s are given by

Pi = ---- - , i =  h, v ,  and
m

and

g{9) =  p[0s Y  2(,3/J +  ,37 +  Ah(i) +  )] +  p (l — p )3 “

(3 — 0  Y 2 0  h Y 0  Y  0(1) T  0(2))

3 . predict with neighboring observations by weighting them  with estim ated 

correlations and rescaled so tha t the weights sum up to 1
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The prediction of Yi, i =  1, . . .  , N, i ^  j ,  can be expressed as

^  == ^  y I  civ^j +  y  ^
j'g n h j e N v ieJVc(i)

+  X !  (6.94)
3£Nc(2)

where AT, N v, d/yi), and iVc(i) respective!}' denote the neighborhood of plot i 

in the horizontal, vertical, Ch1!-corner and Cff2)-corner directional neighbors 

and hi is a function of /?,- in the previous prediction rule.

4. predict with estim ated conditional mean and generated Bernoulli Z?’s.

If Bi = 1, then the prediction of Yt is Yi =  j3, otherwise Yi =  0.

6 .8 .4  P re d ic tio n  e q u a tio n s  fo r SZ IG  

The prediction rules for SZIG are

1 . predict with estim ated mean

Y% — pa. (6.95)

where a  := cts + 2(ay + a v + a c(i) +  d c(2)). Under the different scheme

assumptions, the num ber of param eters ads is reduced.

2 . predict with neighboring observations by weighting them  with estim ated 

correlations.

From Eqns. (6.60) and (6.60), the estimators of pds are given by

P y , , Y j  =  X ; "  (6-96)3 a y  +  (1 — p)a-

Similarly, the correlation between vertical neighbors, corner neighbors,

and corner neighbors is

Pi = —— fr^y -;v m i = v , c ^ \  and c ^ .  (6.97)
cry +  (1 — p )a 2
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3 . predict with neighboring observations by weighting them  with estim ated 

correlations and rescaled so tha t the weights sum up to 1

The prediction of Tl, i =  1 , . . .  , Ar, i ^  j ,  can be expressed as

j € N h j € N v i £ N c(i)

+  ®c(2)^?) (6.98)
ieiV (2)

where AT, N v, N c(i), and Arc(i) respectively denote the neighborhood of plot i 

in the horizontal, vertical, C ^ -co rn e r and Cd2dcom er directional neighbors 

and a,- is a function of pr( in the previous prediction rule.

4. predict with estim ated conditional mean and generated Bernoulli f?’s.

If B t = 1, then the prediction of Yi is Yi = a,  otherwise Yi = 0.

6.9 R esu lts

6.9.1 S im u la ted  d a ta

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  spatia l zero-in flated  Poisson  (SZ IP) m od els

The results for simulated data from the SZIP model for comparison of m eth­

ods (a)-(c), described in p .113, are summarized in Table 6.1. For small p (<  0.7), 

methods (b) and (c) are about the same and much better than  m ethod (a). W hen 

p increases up to 0.9, the results for m ethod (b) get better, but are still worse 

than  those for the other two methods. For small value p =  0.3 and large values 

of A’s, all three moment estimations for param eters Xs, Xh and Xv are not reliable 

when applied to small lattices such as 10x10. In general m ethod (a) is the worst.
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For small lattice and small p, the histograms for 10 x 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 tha t the histograms of estim ated 

As, A hi 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  spatia l zero-in flated  N eg a tiv e  B inom ial (SZ IN B ) m od els

We conducted a simulation study for SZINB models with two param eter set­

ting: (1). (=0.10, As=0.10, A/j=1.30, A„=0.80, (2). (=0.01, As=2.00, Aa=10.00, 

A„—5.00. In the cross products for Sh, S v, S c(q, and S c(2) , 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 param eter setting (1), under 10 x 10 the average of 100 estim ated ( , m (() 

ranged from 0.16 to 0 .1 2 , slightly off away from the actual value (  =  0 .1 0 , and 

s ( ( ) ’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 param eter setting (2), we chose (  =  0.01 to generate a SZINB model 

with the same values of A’s in the second set of generated SZIP realizations. 

As mentioned earlier, if (  —)■ 0 and a  —> oo such th a t a (  =  A, a constant, 

then the negative binomial distribution converges to the Poisson distribution with 

param eter A. We can see tha t the estim ates of A’s are close to those in Table 6.1.

6 .9 .1 .3  spatial zero-in flated  E xp on en tia l (SZIE) m od els

We conducted a simulation study for SZIE models with two param eter setting:

(1). /3S—5.00, f3h—2.00, /3.„=1.0Q, 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), ps is (0.06, 0.13, 0.25, 0.48, 0.68), ph is (0.01, 0.02, 

0.04, 0.08, 0.11), and pv is (0.00, 0.01, 0.01, 0.02, 0.03).

(2). /3S=16.77, (3h—88.84j  /3„=88.84, and so from Eqn. 6.4-7 and 6.48 for the 

values of p. (0.30 0.50 0.70 0.90 0.99), ps is (0.00, 0.00, 0.00, 0.01, 0.01), and 

ph = Pv is (0.02, 0.04, 0.08, 0.16, 0.24).

In the cross products for S h ,  S v , S p q, and 57(2), only the overall mean was 

used in the cross product of the sample covariances. The results for simulated 

data from SZIE model are summarized Table 6.3.

For the param eter setting, the MO ME 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{J3(p) are decreasing, too. But for the second param eter setting,

1.e. large /3’s, the M OM E’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 th a t s ( 3 s ) decrease much 

faster than the other. It is because the ps 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 param eter setting; because the ps7s are almost zero no m atter what values 

of p we use.

6 .9 .1 .4  spatia l zero-in flated  G am m a (SZIG ) m od els

We conducted a simulation study for SZIG models with two param eter set­

ting: (1). 7  =  10.48, a s=8.15, 0^ = 0 .93, cty=1.89, (2). 7  =  192.66, oy=208.26, 

0 7 = 40.97, ay=40.97, In the cross products for Sh ,  S v , S 'p i ) , and S p ? ) , 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 param eter 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(cq.)) are decreasing, too. But for the second param eter setting,
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i.e. large a ’s, the M OM E’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  R eal data: p lot based d a ta

6 .9 .2 .1  spatial zero -in fla ted  Poisson (SZ IP) m od els

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 Tba 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 obviously different. From the simulation results, we note 

tha t for large p (>  0.7) the MOMEs are close to the actual param eter values. For 

Ms, Lts, Tbas, the values of the estim ated p are respectively 0.14, 0.56, and 0.42. 

The A’s estim ation 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 

tha t the MOMEs were not reliable. The reality is tha t we have only 313 plots, 

which is not adequate to get reliable MOMEs for Ms and Lts. From Table 6.5, we 

can see tha t the estim ated spatial correlations of the SZIP model with different 

directional mean schemes ( la ) - ( 2e)p’s are almost zero for variables M, Ms, Lt, and 

Lts. Under mean scheme (lb ), Tba has the estim ated spatial correlations, f>h =  0, 

and pv =  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 estim ating the 1CV RMSE. We left one out
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of 312 plots for each of 33 plots at a tim e and using the remaining 311 observations 

to estim ate the param eters of models. The y-value for tha t plot is predicted using 

the prediction rules 1-4 based on the estim ated 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 estim ation 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 estim ated correla­

tions are almost zeros for all variables except for Tba and T bas. The averages of 

33 1CV estim ated means for M for mean schemes (la ) -(2e) range from 2715.12 

(scheme (lb )) to 4058.39 (scheme (2e)). Since the estim ated mean plays a large 

role in the prediction rules, we can see tha t the prediction rules 1-3, under scheme 

(lb ), is the one with the smallest estim ated RMSE. The prediction rule 4, m ark 

by + , has the smallest among all prediction rules and it is much smaller than  the 

others.

Under scheme (la ), \ h = Xv = A a n d  Acp) =  Acp) =  0, the weights of 

predictions using the prediction rule (4) become equal, 1/4 for those four neigh­

boring observations. The estim ated overall RMSEs are quite close to the estim ated 

RMSE from the prediction 4 under scheme (lb ), Ac(i) =  Ac(2) =  0. ph is very close 

to pv and so the weights in Eqn. (6 .8 6 ) and (6.87) are close to 1/4.

For Ms, we note tha t jum ps at mean schemes (lb ) and (2c) for predictions 

rules (1) and (2) due to large values of the estim ated mean, the average of the 33 

estim ated means is 48537.51 for (lb ) and 51995.20 for (2c) (the others are under 

5079.96).
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For Lt, the averages of the 33 estim ated means for schemes (2a) -(2e) are 

almost twice as those of schemes (la ) and (lb). The line for prediction rule (4) 

is flat except for scheme (2a) due to zero estim ated correlations and so the scaled 

weights become equal among those mean schemes. The big jum p of (2c) in the 

RMSE graph of Lts is due to the large estim ated mean. 643804.9, which is 1.4 

times as tha t of schemes (lb ), (2a), (2b), (2d) and (2e), and 3 times as tha t of 

scheme (la). The jum ps in the RMSE graph of Tbas are for a similar reason.

Finally, we look at the RMSE graph of Tba. All the RMSEs for schemes 

(la ) and (lb ) using the 4 prediction rules are pretty  close. T h a t’s because of the 

averages of 33 estim ated 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 estim ated means for the other schemes range from 366.68 to 398.96 

which are about ten times tha t of the schemes (la ) and (lb).

6 .9 .2 .2  spatia l zero-in flated  N eg a tiv e  B inom ial (S Z IN B ) m od els

The SZINR model has an additional param eter, so it is more flexible than  the 

SZIP model. From Figure 6.7, among the four prediction rules we note th a t the 

prediction rule, ”+ ” , has the smallest cross-validated (CV) estim ated RMSE and 

the largest one belongs to the prediction rule, ”x” . We also note tha t prediction 

rules, ” A ” and which are a function of the estim ated pjj 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 T bas the 

CV estim ated RMSEs are much smaller than those from SZIP models.

6 .9 .2 .3  C om parison  o f SZIE m od el and  SZIG  m od el

The SZIG model has an additional param eter 7 , so it is more flexible. The 

1CV estim ated 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) estim ated 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 

th a t there is a jum p in the graph of RMSE of Tba fitted by the SZIE model. It 

is caused by overestimating p  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 (la), (lb ), (2b), (2c), (2d) and (2e) ( respectively, 44.1, 44.0, 42, 46.8, 

46.7, and 46.6). The estim ated correlations p^ and pv are zero if rounded to 2 

decimals, so the prediction rules (1), (2), and (4) become approximately the same 

rule, i.e. predict the values by the estim ated mean. Since the estim ated p for 

Tba is 0.99, the prediction rule (4) Fj =  0  ~  Op. While the prediction rule (3), 

+  , weighted the neighboring observations by approxim ate 1/4 and exact 1/4 on 

horizontal and vertical neighbors for scheme (la ) and (lb ), respectively. T h a t’s 

why it has the larger estim ated RMSE (about 25, against the sample deviation 

\/592.06 ~  24.33 for 312 plot Tba values). The RMSE of Tba for prediction rule

(3 ), +  is much smaller when the neighborhood includes the second order neigh­

bors. The smallest RMSE for Tba, 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 estim ated RMSE. The graph of RMSE 

of Tba fitted by SZIG is similar to the one fitted by SZIE except for the big jum p 

for scheme (2 a). An additional scale param eter 7  reduces the overestimation of 

p = ap  in SZIG model under scheme (2a). The average of estim ated means is

43.62 which is close to  the sample mean of Tba values. The smallest RMSE of 

Tba belongs to SZIG under scheme (2b).
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Both spatial zero-inflated models for Tba data agree on the same scheme (2b) 

with the 1CV estim ated RMSE of 19.5 which is close to the smallest RMSE for 

spatial model (3.4) described earlier.

6.9.3 R eal d a ta : sub p lo t based  d a ta

The to tal number of subplots is N  =  1470. For model performance, we used 

leave-one-out cross-validated (1CV) estim ated 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 spatia l zero-inflated  P oisson  (SZ IP) m od els

From Figure 6.10, we note tha t the prediction 3, marked by + , (see Sec. 

6.8.1), has the smallest CV estim ated RMSE for all variables and the prediction 

4, marked by x has the largest CV estim ated RMSE for all variables. This is not 

surprising. Because the prediction 4 is a conditional mean given by generating 

Bernoulli, R ,  to predict the value at the deleted subplot, the prediction is over­

estim ated when the conditional mean A +  1 is overestimated. Prediction rule 4 is 

similar to prediction rule 1 using the concept of estim ated conditional mean A +  1 

and estim ated mean p (A +  1) when p is large. W ith the conditional mean, pre­

diction rule 4 marked by x is slightly worse than  prediction 1 marked by o for M, 

Lt, and Tba, but prediction rule x is a lot worse than prediction rule o since the 

estim ated p for Ms, Lts, and Tbas, 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 observa­

tions by weighting them  with the estim ated 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 th a t Ah = A„ =  Ayp =  Xp2) =  Ahvc-
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6 .9 .3 .2  spatia l zero-inflated  N egative  B inom ial (SZ IN B ) m od els

The advantage of spatial zero-inflated Negative Binomial models over SZIP 

models is tha t a SZINB model has an additional param eter (  in the mean and 

variance structure. Set A* =  aQ. From Figure 6.11, we can see that prediction 

rule 4 has the smallest CV estim ated RMSE for mortality. The estim ated RMSEs 

are about the same using the prediction rule 4 under directional mean schemes 

(la ), (lb ), and (2 a), but there is big jum p at directional mean schemes (2b), (2c), 

(2d) and (2e). Compared to the estim ated RMSE of SZIP in Figure 6.10, SZINB 

models have much smaller estim ated 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 T bas, SZINB models for all variables have the smaller estim ated RMSEs than 

SZIP models.

6 .9 .3 .3  spatia l zero-in flated  E xp on en tia l (SZIE) m od els

Prediction rule 4 using SZIE models under all directional mean schemes , 

marked by +  , has the smallest estim ated RMSE for all variables, as shown in 

Figure 6.12, and the one under scheme (2a) (3h =  /3V — /?c(i) =  (3C(2) =  fihva is the 

’’best” one for all variables. For M and Lt, compared to Figures 6.10 and 6.11, 

the estim ated 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 estim ated RMSEs using SZIE models are slightly 

smaller than SZINB models and much smaller than those using SZIP models, 

denoted as SZIE <  SZINB <C SZIP. For Ms and Lts, the estim ated RMSEs using 

SZIE models are much smaller than  SZINB, and so denoted as SZIE <C SZINB 

<C SZIP. Once again, there is not much improvement for Tbas .
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6.9.3.4 sp a tia l zero -in fla ted  G am m a (SZIG ) m odels

The results of the estim ated 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 

estim ated cross-validated RMSEs. For mortality, the smallest estim ated RMSE 

belongs to prediction rule 4 and it is hard to tell the difference among the RMSEs 

using prediction rule 4 under schemes (la), (lb ), and (2 a). Compared to Figures 

6.10, 6 .11 ,and 6.12, the estim ated 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 <C SZIP. The estim ated RMSE 

of Lt predictions, as shown in Figures 6.13, prediction rule 4 using a SZIG model 

under scheme (2a) = a v = a c(i) =  a c(2) = ay„c, has the smallest estim ated

RMSE and its RMSE is close to SZINB’s , smaller than SZIE’s, and much smaller 

than SZIP’s, denoted as SZIG ~  SZINB < SZIE <C SZIP. For Tba, SZIE < SZIG 

< SZINB <  SZIP; for Ms, SZIE -C SZIG <  SZINB <  SZIP; for L ts, SZIE < 

SZINB ~  SZIG <C SZIP. Once again, there is no obvious improvement for the 

RMSEs of Tbas predictions using SZIG models.

6 .9 .4  D iscu ssion

For plot based data, the ranking of the estim ated RMSE of predictions using 

SZI models are: for M, Lt, and Tba, SZIG ~  SZINB < SZIE <§; SZIP; for Ms, 

SZIE <  SZIG < SZINB <  SZIP; for L t„  SZINB < SZIG <  SZIE <  SZIP; for 

T bas, SZIG < SZIE < SZINB ps SZIP. The suggested prediction rule for M, Lt, 

and Tba are prediction rules 1 (marked by 0 ) or 4 (marked by x) using SZIG 

models under scheme (2 a) because of simplicity on param eter setting and the 

small estim ated RMSE. For Ms, prediction 4 using SZIE model with scheme (2a) 

is suggested although the overall estim ated 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 estim ate one directional mean, For L ts we 

suggest prediction rule 4 SZINB model with scheme (2a) and for Tbas prediction 

rule 4 SZIG model with scheme (2a).

For subplot based data, the estim ated RMSEs of M, Ms, Lt, Lts, Tba, and 

Tba* predictions using the average of the remaining (Ar — 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 A;, = \ v = Acoj =  Ay2) =  \ h vc • Its estim ated 

cross-validated RMSE is 19.75 which is about the same as tha t of predicting 

using the average of the remaining observations for the deleted subplot. For Lt, 

prediction rule 3, from the SZINB model under Xh — Xv = Ayp =  Ac(2) =  Ahvc, is 

suggested. Compared to the RMSE of the average prediction, 67.52, the estim ate 

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 Tba, the ’’best” prediction rule is rule 3 from the SZIE model 

under directional scheme /% =  /% =  j3c(i) =  /3C(2) =  (3hvc- And the estim ated 

RMSE is 7.78 which is a little  b it larger than th a t 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 estim ated overall RMSEs of Ms, and L ts 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, SZI models have a smaller 

m.s.p.e.; particularly for the data with excessive zeros. The percentages of zero 

for Ms and for L ts are 0.96% and 70%, respectively. Although the overall esti­

m ated 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 m atter what kind of spatial 

zero-inflated model we used, the estim ated overall RMSEs of Tbas 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 i 
ij

Au Ad

Au x A^ a;  x Ad

Ala A2

(la), symmetric first order scheme (lb), asymmetric first order scheme 
(»Sai Ajoo) A2O0)

A2a A2a A 2 a.2̂ a  A 2a ^ 2a

a2- x a2; 

A2a A2o A2a

(2 a). symmetric second order scheme
(^AiAiAjAi )

A 2b Ala A 2b A 2c A2 A2c

Am x Xia Ad x Ad

A 2b Ala A 2b A 2c A2 A2c

(2b). asymmetric second order scheme (2c). asymmetric second order scheme
{S\1 A1A3A3) (FA1A2A3A3)

A4 A 2d A3 A4 A2 A3

A 2 d x A 2 d Ai x At

A3 A 2 d A4 A3 A2 A4

(2d), asymmetric second order scheme (2e). asymmetric second order scheme
( ^ A i A i  A 3 A 4 )  ( F A 4 A 2 A 3 A 4 )

1J x indicates the location of plot i.
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Table 6.1: The sample means and standard deviations (s.d.) of 100 estim ated
parameters from the 100 realizations of a SZIP model.

T (a) (b) (c)
True P As Aft A y As A ft A y As A /, X v

mean r n ( p ) m(As) m(Aft) m ( X v ) m(As) m(Aft) m ( \ v ) m(A5) m (  Aft) m ( X v )

s.d. s ( p ) S(AS) s(Aft) s ( X v ) s (A4) s(Afc) s ( X v ) s(As) s(Ah) s ( X v )

10x10 0.30 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.30 0.00 919.62 912.38 2.82 18.1 18.50 2.83 17.95 18.40
0.05 0.00 500.63 504.93 4.68 24.3 28.86 4.69 24.24 28.82

10x10 0.50 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.50 0.00 159.38 159.01 2.93 6.53 8.29 2.94 6.48 8.24
0.05 0.00 85.17 80.58 4.67 9.37 11.23 4.67 9.33 11.19

10x10 0.70 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.71 0.00 25.58 27.59 4.61 2.76 3.83 4.63 2.75 3.81
0.04 0.00 13.92 14.21 4.90 4.71 5.87 4.90 4.69 5.85

10x10 0.90 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.91 3.02 2.65 3.05 5.39 1.55 1.67 5.42 1.54 1.66
0.03 3.89 2.73 2.71 4.06 2.04 2.01 4.06 2.03 2.00

10x10 0.99 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.99 5.49 1.86 0.94 5.55 1.84 0.93 5.56 1.83 0.92
0.01 3.36 1.41 0.92 3.38 1.41 0.91 3.37 1.40 0.91

10x10 0.30 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.30 0.00 6583.36 6597.93 10.04 85.11 92.18 10.07 84.67 91.72
0.05 0.00 3196.04 3234.55 14.94 133.03 158.57 14.94 132.56 158.27

10x10 0.50 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.50 0.00 1182.80 1193.86 13.06 35.49 36.74 13.10 35.19 36.53
0.05 0.00 522.24 521.90 15.44 60.78 64.94 15.45 60.59 64.77

10x10 0.70 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.70 0.00 198.23 216.26 10.39 15.46 25.52 10.48 15.37 25.38
0.04 0.00 95.70 96.35 14.10 28.62 37.90 14.17 28.52 37.87

10x10 0.90 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.90 5.45 18.72 16.36 15.95 7.34 5.69 16.01 7.29 5.65
0.03 10.27 21.16 14.85 13.68 12.00 8.80 13.68 11.97 8.77

10x10 0.99 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.99 10.17 7.54 4.57 10.68 7.35 4.43 10.74 7.33 4.41
0.01 9.34 4.60 4.11 9.52 4.59 4.08 9.52 4.58 4.07

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 la ttice  size and each p represent the actual values of param eters in the  chosen 
spatial zero-inflated Poisson (SZIP) m odel. M ethods (a), (b), and (c) respectively denote th a t 
the sample covariances are m odified by using m ean of non-zeros, overall m ean, and individual 
m eans for each of the directional neighbors.
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(Continued)

(a) (b) (c)
True P A5 A * X v As A* X v As A * Ay

m ean m ( p ) m ( A s ) m ( X h ) m.(A„) m ( A s ) m(Aft) m ( X v ) m(As) m ( A f t ) m (  A „ )
s.d. s { p ) s (  As) s ( A f t ) s ( X v ) s (  A5) s(Aft) s(Aj,) s(As ) s ( A f t ) 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 0.00 810.50 820.53 2.44 9.39 13.23 2.50 9.24 13.07
0.02 0.00 193.81 192.48 4.37 13.78 16.01 4.39 13.71 15.92

312 0.50 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.50 0.00 147.07 149.33 2.85 4.43 6.53 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 1.00 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 6.89 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 2.00 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 0.80 0.65

312 0.30 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.30 0.00 5880.56 5895.69 9.84 58.99 68.07 10.13 58.28 67.07
0.02 0.00 1306.22 1335.98 14.43 95.82 101.96 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 0.00 228.55 237.92 13.99 48.48 49.75 14.10 48.11 49.46

312 0.70 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.70 0.00 196.54 202.05 8.48 13.83 20.63 8.75 13.56 20.39
0.02 0.00 53.80 58.45 12.54 19.18 24.71 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 12.92 7.06 8.39 12.97 6.98 8.35

312 0.99 2.00 10.00 5.00 2.00 10.00 5.00 2.00 10.00 5.00
0.99 15.31 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 3.60 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 la ttice  size and each p  represent the actual values of param eters in the chosen 
spatial zero-inflated Poisson (SZIP) m odel. M ethods (a), (b), and (c) respectively denote th a t 
the sam ple covariances are modified by using m ean of non-zeros, overall m ean, and individual 
m eans for each of the  directional neighbors.
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(Continued)

(a) (b) (c)
True P As A h X v As A h X y As Aa A y
mean m { p ) m (  As) m ( X h ) m ( X v ) m (  As) m ( X h ) m ( X v ) m ( As) m ( X h ) m ( X v )

s.d. s ( p ) s( As) s{Xh) s{ An) •s(As) s { X h ) s { X v ) s(As ) s { X h) S ( X y )

20x20 0.30 5.00 2.00 1.00 5.00 2.00 1.00 5.00 2.00 1.00
0.30 0.00 785.41 789.62 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 49.55 61.11 9.79 49.48 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 28.36 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 la ttice  size and each p  represent the actual values of param eters in the chosen 
spatial zero-inflated Poisson (SZIP) model. M ethods (a), (b), and (c) respectively denote th a t 
the sam ple covariances are modified by using m ean of non-zeros, overall m ean, and individual 
m eans for each of the directional neighbors.
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Table 6.2: The sample means and standard deviations (s.d.) of 100 estim ated
param eters from the 100 realizations of a SZINB model.

(b) overall
True P C A, A h A v
mean m(p) m(C) m(Xs) m(Xh) m(Xv)
s.d. s(p) s i 0 s{ Xs) s(Xh) s( A„)
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 20.39 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 12.95 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 A; =
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(Continued)

(b) overall
True P C As A/i A y
mean m(p) m ( C ) m { \ s) m(Xh) m(  A„)
s.d. s(p) « ( C ) s ( \ s) s(Xh) s(Aj,)
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
0.49 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 35.45
0.02 0.09 13.05 39.00 48.85

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
0.99 0.04 16.18 5.08 2.92
0.01 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 A; = a ,•£.
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(Continued)

(b) overall
True P C A s X h X y

mean m(p) m ( C ) m(Xs) m(Xh) m(Xv)
s.d. s(p) s(C) s{ As) s(Xh) 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 51.59 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 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; =
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Table 6.3: The sample means and standard deviations (s.d.) of 100 estim ated
param eters from the 100 realizations of a SZIE model.

(b) overall
True P Ps Ph Pv

mean m(p) m ( P s) m(f3h) m( pv)
s.d. s(p) KP») s ( P h ) s(ftv)
10x 10 0.30 5.00 2.00 1.00

0.30 5.08 2 .0 0 2.11

0.05 4.97 2.84 3.00
10x 10 0.50 5.00 2 .0 0 1.00

0.50 5.05 1.73 1.68
0.04 4.29 2 .02 2.18

10x 10 0.70 5.00 2 .0 0 1.00

0.70 5.95 1.24 1.45
0.04 3.88 1.44 1.66

10x 10 0.90 5.00 2 .00 1.00

0.90 6.49 1.21 1.06
0.03 3.30 1.19 1 .20

10x 10 0.99 5.00 2 .00 1.00

0.99 5.88 1.54 1.03
0.01 2.41 0.95 1.04

10x 10 0.30 16.77 88.84 88.84
0.30 172.22 65.36 75.87
0.05 169.87 95.13 102 .88

10x 10 0.50 16.77 88.84 88.84
0.50 154.84 52.37 74.27
0.04 150.58 72.20 77.74

10x 10 0.70 16.77 88.84 88.84
0.70 175.94 38.94 69.45
0.04 136.60 52.16 62.45

10x 10 0.90 16.77 88.84 88.84
0.90 148.76 44.47 70.87
0.03 109.78 40.80 41.18

10x 10 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)

G>) overall
True P Ps Ph Pv

mean m(p) m((3s) m((3h) m( pv)
s.d. s ( p ) s ( P s ) s ( P h ) s ( P v )
312 0.30 5.00 2.00 1.00

0.30 4.90 2.31 1.81
0.03 4.91 2 .6 6 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 .6 8 0.96 0.97

312 0.99 5.00 2 .0 0 1 .00

0.99 7.01 1.18 0.82
0.01 2.28 0.90 0.84

312 0.30 16.77 88.84 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 0.90 16.77 88.84 88.84
0.90 192.57 25.15 64.70
0 .02 92.22 30.25 32.48

312 0.99 16.77 88.84 88.84
0.99 131.31 51.52 69.05
0.01 82.34 30.47 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,

235

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



(Continued)

(b) overall
True P fis Ph Pv

mean m(p) m((3s) m((3h) rn(fiv)
s.d. s(p) s (Ps ) s{Ph) s(pv)
2 0x20 0.30 5.00 2 .00 1.00

0.30 5.01 1.41 1.98
0 .02 4.32 1.98 2.19

2 0x20 0.50 5.00 2 .00 1.00

0.50 5.74 1.02 1.68

0.03 3.43 1.31 1.55
2 0x20 0.70 5.00 2 .00 1.00

0.70 6.78 0 .8 8 1.24
0 .02 2.83 1.05 1.19

2 0 x20 0.90 5.00 2 .00 1.00
0.90 7.25 0.79 1.08
0.01 2.23 0 .8 6 0.90

2 0x20 0.99 5.00 2 .0 0 1.00

0.99 5.93 1.56 0.97
0 .00 2.15 0.70 0.73

2 0x20 0.30 16.77 88.84 88.84
0.30 148.65 54.67 79.20
0.02 136.06 66.92 80.87

2 0x20 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 27.43 84.22
0 .0 2 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

2 0x20 0.99 16.77 88.84 88.84
0.99 43.59 77.45 87.36
0 .00 37.11 15.91 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 estim ated
param eters from the 100 realizations of a SZIG model.

7 7  alt
True V 7 Q t s O i y 7 alt a s ah O l y

mean m(p) m(y) m (o ta) m(dh) m(dv) m( ds) m(dh) m(dv)
s.d. s(p) 8(7) s(ds) s(dh) s(av) s(7 alt) s(as) s(dh) s(av)
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 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
0.05 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 53.41 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 38.72 105.92 33.26 43.83

10x10 0.99 192.66 208.26 40.97 40.97 192.66 208.26 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)

7 *falt
True P 7 Q t s O t y V alt O t s Oih Q t y

mean m(p) m('f) m(as) m(ah) m(av) ) m(as) m{ah) m(av)
s.d. s(p) s(j) «(ds) s(dfc) s(av) S(7a It) s{as) s{ah) s(av)
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 40.97 192.66 208.26 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 35.53 165.40 132.44 124.41

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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7 *ialt
True P 7 O i y T alt C V S <*h O i y

mean m(p) m( 7 ) m(as) m{ah) m{av) m{Yalt) m (as) m{ah) m(av)
s.d. s(p) s ( j ) s(as) s{dih) s{av) s(<*s) s(ah) s(d„)
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 37.41 154.11 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 39.45 191.39 231.56 31.27 39.45
0.00 19.89 53.69 23.05 21.18 19.89 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 estim ated As, Ah, and A„ for 10x10
lattice realization with p =  0.3, As =  5, Ah — 2, and \ v =  1

1 ------------------------------------------

111 —  0 ■b
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(a) the first row diplays the histogram and boxplot for 1,000 estimated As, (b) the second row 
diplays the histogram and boxplot for 1,000 estimated A a n d  (c) the third row diplays the 
histogram and boxplot for 1,000 estimated Xv .

240

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



0.
0 

0
.0

0
5
 

0
.0

1
5
 

0
.0

2
5
 

0.
0 

0
.0

0
5
 

0
.0

1
0
 

0
.0

1
5
 

0.
0 

0.
02

 
0.

06
 

0
.1

0

Figure 6.3: Histograms and boxplots for 1,000 estim ated As, Ah, and A„ for 20x20
lattice realization with p =  0.3, As =  5, A*. =  2, and A„ =  1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated As, (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 6.4: Histograms and boxplots for 1,000 estim ated As, Ah, and \ v for 10x10
lattice realization with p — 0.9, As =  5, Â  =  2, and A„ =  1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated As, (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 estim ated As, A a n d  Xv for 20x20
lattice realization with p =  0.9, As =  5, A* =  2, and Xv =  1
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(a) the first row diplays the histogram and boxplot for 1,000 estimated \ s , (b) the second row 
diplays the histogram and boxplot for 1,000 estimated A/j, 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) (c)
P As A/™ Phv A, Ahv Phv As A/u, Phv

313 plots
M 0.96 0.00 757.76 0.00 0.00 747.56 0.00 0.00 746.62 0.00
Ms 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
Lts 0.56 0.00 190528.70 0.00 0.00 108290.12 0.00 0.00 108211.21 0.00
Tba 0.99 0.00 5.61 0.08 0.00 5.05 0.07 0.00 5.01 0.07
Tbas 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 s 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
Lts 0.56 0.00 188715.94 0.00 0.00 108781.19 0.00 0.00 108753.19 0.00
Tba 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 A/j = A„ = Ahv and Ac(i) = Ac(2 ) = 0

As A h A y Ph Pv As A h Au Ph Pv
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
Ms 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
Lts 0.00 173104.34 208562.92 0.00 0.00 0.00 93811.56 123275.43 0.00 0.00
Tba 0.00 0.00 20.74 0.00 0.30 0.00 0.00 19.48 0.00 0.28
T bas 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
Ms 0.00 3240.13 2352.29 0.00 0.00 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 0.00 0.00
Lts 0.00 93798.71 123069.04 0.00 0.00 0.00 94268.50 123685.44 0.00 0.00
Tba 0.00 0.00 18.81 0.00 0.27 0.00 0.00 18.81 0.00 0.27
Tbas 0.00 0.33 0.47 0.03 0.04 0.00 0.33 0.47 0.03 0.04

312 plots
(a) (b)

M 0.00 673.87 847.23 0.00 0.00 0.00 664.63 834.39 0.00 0.00
Ms 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
Lts 0.00 171255.83 206787.15 0.00 0.00 0.00 94268.50 123801.82 0.00 0.00
Tba 0.00 0.00 20.67 0.00 0.30 0.00 0.00 19.44 0.00 0.28
T bas 0.00 0.86 1.03 0.02 0.03 0.00 0.33 0.47 0.03 0.04

(lb) assume that Ac<i) = Ac(2) = 0
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(Continued)

(a) (b) (c)
P A hvc Phvc As A hvc Phvc As A hvc Phvc

313 plots
M 0.96 0.00 507.12 0.00 0.00 494.93 0.00 0.00 493.01 0.00
Ms 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
Lts 0.56 0.00 184045.38 0.00 0.00 97452.65 0.00 0.00 97173.30 0.00
Tba 0.99 0.00 46.49 0.02 0.00 45.93 0.02 0.00 45.89 0.02
Tbas 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
Ms 0.14 0.00 301019.13 0.00 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
Lts 0.56 0.00 182123.98 0.00 0.00 97832.69 0.00 0.00 97660.00 0.00
Tba 0.99 0.00 46.45 0.02 0.00 45.93 0.02 0.00 45.90 0.02
Tbas 0.42 0.00 0.90 0.01 0.00 0.33 0.01 0.00 0.33 0.01

(2a) assume that X h =  X v =  Ac(i) =  Ac(a) =  Ahvc

As A hv Ac Phv Pc As A/iii Ac Phv Pc
313 plots

(a) (b)
M 0.00 757.76 235.81 0.00 0.00 0.00 747.56 221.48 0.00 0.00
Ms 0.00 301502.64 304520.50 0.00 0.00 0.00 2817.51 6014.73 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
Lts 0.00 190528.70 177027.53 0.00 0.00 0.00 108290.12 85721.67 0.00 0.00
Tba 0.00 5.61 90.74 0.00 0.04 0.00 5.05 90.18 0.00 0.04
Tbas 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
Ms 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
Lts 0.00 108211.21 85087.14 0.00 0.00 0.00 108753.19 85513.30 0.00 0.00
Tba 0.00 5.01 90.14 0.00 0.04 0.00 5.02 90.15 0.00 0.04
Tbas 0.00 0.40 0.25 0.02 0.01 0.00 0.40 0.25 0.02 0.01

312 plots
(a) (b)

M 0.00 759.06 237.26 0.00 0.00 0.00 748.05 222.11 0.00 0.00
Ms 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
Lts 0.00 188715.94 174988.55 0.00 0.00 0.00 108781.19 85981.53 0.00 0.00
Tba 0.00 5.57 90.70 0.00 0.04 0.00 5.04 90.18 0.00 0.04
Tbas 0.00 0.94 0.85 0.01 0.01 0.00 0.40 0.26 0.02 0.01

(2b) assume that X h =  X v — X h v and Ac(i) =  Ac(2) =  Ac
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(Continued)

V A, A h A-i; Ac Ph Pv Pc
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 7032.29 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
Tba, 0.42 0.00 0.87 1.04 0.86 0.01 0.01 0.01

0>)
M 0.96 0.00 664.27 833.77 221.48 0.00 0.00 0.00
Ms 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
Lt, 0.56 0.00 93811.56 123275.43 85721.67 0.00 0.00 0.00
Tba 0.99 0.00 0.00 19.48 90.18 0.00 0.01 0.04
Tba, 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 2352.29 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
Tba 0.99 0.00 0.00 18.81 90.14 0.00 0.01 0.04
T b a ^ 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
Lt, 0.56 0.00 171255.83 206787.15 174988.55 0.00 0.00 0.00
Tba 0.99 0.00 0.00 20.67 90.70 0.00 0.01 0.04
Tba, 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 3223.46 2362.28 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
Tba 0.99 0.00 0.00 19.44 90.18 0.00 0.01 0.04
Tba, 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
Tba 0.99 0.00 0.00 18.81 90.15 0.00 0.01 0.04
Tba, 0.42 0.00 0.33 0.47 0.25 0.01 0.02 0.01

(2c) assume that Ac(i) = Ac(2) = Ac
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(Continued)

P As A/iu Ac(i) Ac(2) Phv PcW Pci 2)
313 p lo ts

(a)
M 0.96 0.00 757.76 595.36 0.00 0.00 0.00 0.00
M s 0.14 0.00 301502.64 297559.03 311408.30 0.00 0.00 0.00
L t 0.99 0.00 7876.95 5434.60 1085.72 0.00 0.00 0.00
L ts 0.56 0.00 190528.70 247948.69 106856.87 0.00 0.00 0.00
T b a 0.99 0.00 5.61 110.29 71.38 0.00 0.05 0.03
T b a s 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 s 0.14 0.00 2817.51 1901.72 10084.23 0.00 0.00 0.00
L t 0.99 0.00 7889.82 5379.62 987.09 0.00 0.00 0.00
L ts 0.56 0.00 108290.12 161436.38 10808.16 0.00 0.00 0.00
T b a 0.99 0.00 5.05 109.50 71.07 0.00 0.05 0.03
T b a s 0.42 0.00 0.40 0.52 0.00 0.02 0.02 0.00

(c)
M 0.96 0.00 746.62 565.25 0.00 0.00 0.00 0.00
M s 0.14 0.00 2816.17 1899.10 10071.43 0.00 0.00 0.00
L t 0.99 0.00 7875.80 5368.78 925.94 0.00 0.00 0.00
L ts 0.56 0.00 108211.21 161161.85 9671.17 0.00 0.00 0.00
T b a 0.99 0.00 5.01 109.34 71.07 0.00 0.05 0.03
T b a s 0.42 0.00 0.40 0.52 0.00 0.02 0.02 0.00

312 p lo ts
(a)

M 0.96 0.00 759.06 597.32 0.00 0.00 0.00 0.00
M s 0.14 0.00 299579.18 295660.73 309421.65 0.00 0.00 0.00
L t 0.99 0.00 7877.10 5430.73 1079.04 0.00 0.00 0.00
L ts 0.56 0.00 188715.94 246348.76 104383.47 0.00 0.00 0.00
T b a 0.99 0.00 5.57 110.25 71.36 0.00 0.05 0.03
T b a s 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
L t 0.99 0.00 7892.68 5378.28 982.83 0.00 0.00 0.00
L ts 0.56 0.00 108781.19 162137.94 10631.01 0.00 0.00 0.00
T b a 0.99 0.00 5.04 109.49 71.08 0.00 0.05 0.03
T b a s 0.42 0.00 0.40 0.53 0.00 0.02 0.02 0.00

(c)
M 0.96 0.00 746.80 565.39 0.00 0.00 0.00 0.00
M s 0.14 0.00 2798.21 1886.98 10007.18 0.00 0.00 0.00
L t 0.99 0.00 7876.45 5369.23 926.01 0.00 0.00 0.00
L ts 0.56 0.00 108753.19 161969.03 9719.61 0.00 0.00 0.00
T b a 0.99 0.00 5.02 109.35 71.07 0.00 0.05 0.03
T b a s 0.42 0 .00 0.40 0.53 0.00 0.02 0.02 0.00

(2d) assume that A/j = Xv =
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(Continued)

As A h Xy Ac(b Ac(2) Ph Pv PcW Pd2)
313 plots

(a)
M 0.00 672.72 845.79 595.36 0.00 0.00 0.00 0.00 0.00
Ms 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
Lts 0.00 173104.34 208562.92 247948.69 106856.87 0.00 0.00 0.00 0.00
Tba 0.00 0.00 20.74 110.29 71.38 0.00 0.01 0.05 0.03
Tbas 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
Ms 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
Lts 0.00 93811.56 123275.43 161436.38 10808.16 0.00 0.00 0.00 0.00
Tba 0.00 0.00 19.48 109.50 71.07 0.00 0.01 0.05 0.03
Tbas 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
Ms 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
Lts 0.00 93798.71 123069.04 161161.85 9671.17 0.00 0.00 0.00 0.00
Tba 0.00 0.00 18.81 109.34 71.07 0.00 0.01 0.05 0.03
Tbas 0.00 0.33 0.47 0.52 0.00 0.02 0.02 0.02 0.00

312 plots
(a)

M 0.00 673.87 847.23 597.32 0.00 0.00 0.00 0.00 0.00
Ms 0.00 296263.90 303010.50 295660.73 309421.65 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
Lts 0.00 171255.83 206787.15 246348.76 104383.47 0.00 0.00 0.00 0.00
Tba 0.00 0.00 20.67 110.25 71.36 0.00 0.01 0.05 0.03
Tbas 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
Ms 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 0.00 0.01 0.05 0.03
Tbas 0.00 0.33 0.47 0.53 0.00 0.02 0.02 0.02 0.00

(c)
M 0.00 664.07 832.13 565.39 0.00 0.00 0.00 0.00 0.00
Ms 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
Lts 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
Tbas 0.00 0.33 0.47 0.53 0.00 0.02 0.02 0.02 0.00

(2e) assume that A/j, A„, Ac(i), are Ac(2) are all different.
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Table 6.6: The three moment estimations for the SZINB model applied to real 
data

(a) (b) (c)
P e A, A kv Phv As A hv Phv As A hv Phv

313 plots
M 0.96 70.35 21.55 10.62 0.16 22.12 10.48 0.15 22.17 10.46 0.15
Ms 0.14 53.66 0.00 5515.94 0.00 0.00 51.55 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
Lts 0.56 488.33 0.00 389.36 0.06 0.00 221.30 0.08 0.00 221.14 0.08
Tba 0.99 12.36 41.38 0.42 0.01 41.55 0.38 0.01 41.56 0.38 0.01
Tbas 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
Ms 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
Tba 0.99 12.40 41.37 0.42 0.01 41.53 0.38 0.01 41.54 0.37 0.01
Tba, 0.42 0.00 0.00 0.94 0.03 0.00 0.40 0.05 0.00 0.40 0.05

(la) assume that \ h = Xv = Xhv and Ac<i) = Ac(a) = 0

A, A/i Xv Ph Pv As A h Xv Ph Pv
313 plots

(a) (b)
M 21.47 9.43 11.85 0.14 0.17 22.04 9.31 11.69 0.14 0.17
Ms 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 0.09 0.12 207.12 36.41 45.73 0.09 0.12
Lts 0.00 353.76 426.22 0.05 0.06 0.00 191.71 251.93 0.07 0.09
Tba 39.95 0.00 1.55 0.00 0.03 40.14 0.00 1.46 0.00 0.03
Tbas 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
Ms 0.00 '59.28 43.03 0.01 0.01 0.00 5419.98 5543.41 0.00 0.00
Lt 207.73 36.41 45.42 0.09 0.12 207.72 36.39 45.31 0.09 0.12
Lts 0.00 191.69 251.50 0.07 0.09 0.00 347.93 420.11 0.05 0.06
Tba 40.24 0.00 1.41 0.00 0.03 39.95 0.00 1.54 0.00 0.03
Tba, 0.00 0.33 0.47 0.05 0.06 0.00 0.86 1.03 0.03 0.04

312 plots
(a) (b)

M 21.52 9.45 11.88 0.14 0.17 22.14 9.32 11.70 0.14 0.17
Ms 0.00 5419.98 5543.41 0.00 0.00 0.00 58.97 43.22 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
Tba 39.95 0.00 1.54 0.00 0.03 40.13 0.00 1.45 0.00 0.03
Tbas 0.00 0.86 1.03 0.03 0.04 0.00 0.33 0.47 0.05 0.06

(lb) assume that Ac(i) = Ac<2 ) = 0
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(Continued)

(a) (b) (c)
0 As Ahvc Phvc As A hvc Phvc As A/ivc Phvc

313 plots
M 70.35 7.17 7.11 0.10 8.54 6.94 0.10 8.75 6.91 0.10
Ms 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 29.38 0.08 137.64 29.22 0.08 137.66 29.22 0.08
Lts 488.33 0.00 376.11 0.02 0.00 199.15 0.03 0.00 198.58 0.03
Tba 12.36 15.22 3.48 0.08 15.55 3.44 0.08 15.57 3.44 0.08
Tbas 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
Ms 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
Lts 491.22 0.00 370.01 0.02 0.00 198.76 0.03 0.00 198.41 0.03
Tba 12.40 15.31 3.47 0.08 15.62 3.43 0.08 15.64 3.42 0.08
Tbas 0.00 0.00 0.90 0.01 0.00 0.33 0.02 0.00 0.33 0.02

(2a) assume that Xh =  X v — Ac(i> =  Ac(2) =  Ahvc

As Ahv Ac Phv Pc As A hv Ac Phv Pc
313 plots

(a) (b)
M 8.33 10.62 3.31 0.16 0.05 9.70 10.48 3.10 0.15 0.05
Ms 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 0.04 141.52 40.99 16.48 0.11 0.04
Lts 0.00 389.36 361.77 0.02 0.02 0.00 221.30 175.18 0.03 0.03
Tba 14.21 0.42 6.79 0.01 0.15 14.54 0.38 6.75 0.01 0.15
Tbas 0.00 0.96 0.86 0.01 0.01 0.00 0.40 0.25 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
Ms 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
Lts 0.00 221.14 173.88 0.03 0.03 0.00 220.95 173.73 0.03 0.03
Tba 14.56 0.38 6.75 0.01 0.15 14.63 0.37 6.73 0.01 0.15
Tbas 0.00 0.40 0.25 0.03 0.02 0.00 0.40 0.25 0.03 0.02

312 p ots
(a) (b)

M 8.29 10.65 3.33 0.16 0.05 9.76 10.49 3.12 0.15 0.05
Ms 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
Lts 0.00 383.40 355.51 0.02 0.02 0.00 221.00 174.68 0.03 0.03
Tba 14.30 0.42 6.77 0.01 0.15 14.62 0.38 6.73 0.01 0.15
Tbas 0.00 0.94 0.85 0.01 0.01 0.00 0.40 0.26 0.03 0.02

(2b) assume that Xh  =  A„ =  X h v and Ac(i) =  Ac(2) =  Ac
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(Continued)

e As Xh X v Ac Ph Pv Pc
313 plots

(a)
M 70.35 8.24 9.43 11.85 3.31 0.14 0.17 0.05
Ms 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
Lts 488.33 0.00 353.76 426.22 361.77 0.02 0.02 0.02
Tba 12.36 12.78 0.00 1.55 6.79 0.00 0.03 0.15
Tbas 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
Ms 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 0.03 0.04 0.03
Tba 12.36 13.14 0.00 1.46 6.75 0.00 0.03 0.15
Tbas 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
Ms 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
Lts 488.33 0.00 191.69 251.50 173.88 0.03 0.04 0.03
Tba 12.36 13.25 0.00 1.41 6.75 0.00 0.03 0.15
Tbas 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 0.14 0.17 0.05
Ms 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
Tba 12.40 12.88 0.00 1.54 6.77 0.00 0.03 0.15
Tbas 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 0.14 0.17 0.05
M s 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 0.00 191.52 251.52 174.68 0.03 0.04 0.03
Tba 12.40 13.22 0.00 1.45 6.73 0.00 0.03 0.15
Tbas 0.00 0.00 0.33 0.47 0.26 0.02 0.03 0.02

(c)
M 70.29 9.98 9.32 11.67 3.06 0.14 0.17 0.04
Ms 53.66 0.00 58.90 42.76 109.32 0.00 0.00 0.00
Lt 192.19 143.01 36.28 45.26 16.26 0.09 0.12 0.04
L ts 491.22 0.00 191.52 251.28 173.73 0.03 0.04 0.03
Tba 12.40 13.32 0.00 1.40 6.73 0.00 0.03 0.15
Tbas 0.00 0.00 0.33 0.47 0.25 0.02 0.03 0.02

(2c) assume that Ac(i) = Ac(2) = Ac
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(Continued)

As A hv Ac(i) Ac(2) Phv P d  1) Pc(2)
313 plots

(a)
M 4.86 10.62 8.34 0.00 0.16 0.12 0.00
Ms 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
Lts 0.00 389.36 506.71 218.37 0.02 0.03 0.01
Tba 14.18 0.42 8.26 5.34 0.01 0.18 0.12
Tbas 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
Ms 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
Lts 0.00 221.30 329.91 22.09 0.03 0.05 0.00
Tba 14.51 0.38 8.20 5.32 0.01 0.18 0.12
Tbas 0.00 0.40 0.52 0.00 0.03 0.03 0.00

(c)
M 6.33 10.46 7.92 0.00 0.15 0.12 0.00
M s 0.00 51.52 34.74 184.26 0.00 0.00 0.00
Lts 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
Tba 14.54 0.38 8.19 5.32 0.01 0.18 0.12
Tbas 0.00 0.40 0.52 0.00 0.03 0.03 0.00

312 plots
(a)

M 4.84 10.65 8.38 0.00 0.16 0.12 0.00
M s 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
Lts 0.00 383.40 500.49 212.07 0.02 0.03 0.01
Tba 14.27 0.42 8.23 5.32 0.01 0.18 0.12
Tbas 0.00 0.94 1.09 0.61 0.01 0.01 0.01

(b)
M 6.06 10.49 8.08 0.00 0.15 0.12 0.00
Ms 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
Lts 0.00 221.00 329.40 21.60 0.03 0.05 0.00
Tba 14.59 0.38 8.17 5.30 0.01 0.18 0.12
Tbas 0.00 0.40 0.53 0.00 0.03 0.03 0.00

(c)
M 6.43 10.48 7.93 0.00 0.15 0.12 0.00
Ms 0.00 51.19 34.52 183.08 0.00 0.00 0.00
Lt 142.87 40.77 27.79 4.79 0.11 0.07 0.01
Lts 0.00 220.95 329.06 19.75 0.03 0.05 0.00
Tba 14.62 0.37 8.16 5.30 0.01 0.18 0.12
Tbas 0.00 0.40 0.53 0.00 0.03 0.03 0.00

(2d) assume that Xh — Xv = Xhv
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(Continued)

As A/,, A„ Ac(0 Ac(2) Ph Pv PciP P d  2)
313 p lo ts

(a)
M 4.78 9.43 11.85 8.34 0.00 0.14 0.17 0.12 0.00
M s 0.00 5454.90 5579.12 5443.80 5697.17 0.00 0.00 0.00 0.00
L t 139.65 36.54 45.47 28.23 5.64 0.09 0.12 0.07 0.01
L ts 0.00 353.76 426.22 506.71 218.37 0.02 0.02 0.03 0.01
T b a 12.75 0.00 1.55 8.26 5.34 0.00 0.03 0.18 0.12
T b a s 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 s 0.00 59.37 43.44 34.79 184.49 0.00 0.00 0.00 0.00
L t 140.96 36.41 45.73 27.95 5.13 0.09 0.12 0.07 0.01
L ts 0.00 191.71 251.93 329.91 22.09 0.03 0.04 0.05 0.00
T b a 13.11 0.00 1.46 8.20 5.32 0.00 0.03 0.18 0.12
T b a s 0.00 0.33 0.47 0.52 0.00 0.02 0.03 0.03 0.00

(c)
M 6.25 9.31 11.66 7.92 0.00 0.14 0.17 0.12 0.00
M s 0.00 59.28 43.03 34.74 184.26 0.00 0.00 0.00 0.00
L t 142.32 36.41 45.42 27.89 4.81 0.09 0.12 0.07 0.01
L ts 0.00 191.69 251.50 329.35 19.76 0.03 0.04 0.05 0.00
T b a 13.23 0.00 1.41 8.19 5.32 0.00 0.03 0.18 0.12
T b a s 0.00 0.33 0.47 0.52 0.00 0.02 0.03 0.03 0.00

312 p lo ts
(a)

M 4.76 9.45 11.88 8.38 0.00 0.14 0.17 0.12 0.00
M s 0.00 5419.98 5543.41 5408.95 5660.69 0.00 0.00 0.00 0.00
L t 140.33 36.39 45.31 28.11 5.59 0.09 0.12 0.07 0.01
L ts 0.00 347.93 420.11 500.49 212.07 0.02 0.02 0.03 0.01
T b a 12.85 0.00 1.54 8.23 5.32 0.00 0.03 0.18 0.12
T b a s 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 s 0.00 58.97 43.22 34.55 183.35 0.00 0.00 0.00 0.00
L t 141.53 36.28 45.59 27.84 5.09 0.09 0.12 0.07 0.01
L ts 0.00 191.52 251.52 329.40 21.60 0.03 0.04 0.05 0.00
T b a 13.19 0.00 1.45 8.17 5.30 0.00 0.03 0.18 0.12
T b a s 0.00 0.33 0.47 0.53 0.00 0.02 0.03 0.03 0.00

(c)
M 6.35 9.32 11.67 7.93 0.00 0.14 0.17 0.12 0.00
M s 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
L ts 0.00 191.52 251.28 329.06 19.75 0.03 0.04 0.05 0.00
T b a 13.31 0.00 1.40 8.16 5.30 0.00 0.03 0.18 0.12
T b a s 0.00 0.33 0.47 0.53 0.00 0.02 0.03 0.03 0.00

(2e) assume that Aft, Xv , Ac(i), are Ac<2) are all different.
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Table 6.7: The moment estimations for the SZIE model applied to real data
the Siuslaw Forest

P P s P h v P h v

313 p lo ts
M 0.96 0.00 27.34 0.20
M s 0.14 0.00 53.08 0.00
L t 0.99 17.10 88.82 0.23
L ts 0.56 0.00 329.07 0.04
T b a 0.99 35.07 2.25 0.00
T b a s 0.42 0.00 0.63 0.02

312 p lo ts
M 0.96 0.00 27.35 0.20
M s 0.14 0.00 52.92 0.00
L t 0.99 16.77 88.84 0.23
L ts 0.56 0.00 329.82 0.04
T b a 0.99 35.05 2.25 0.00
T b a s 0.42 0.00 0.63 0.02

(la) assume tha t P h =  P v =  P hv  and P c ( 1) =  P c (2) =  0

P P s P h P v Ph P v

313 p lo ts
M 0.96 0.00 25.77 28.88 0.18 0.23
M s 0.14 0.00 56.97 48.73 0.00 0.00
L t 0.99 17.33 83.72 93.82 0.20 0.25
L ts 0.56 0.00 306.29 351.11 0.03 0.05
T b a 0.99 35.23 0.00 4.41 0.00 0.01
T b a s 0.42 0.00 0.58 0.69 0.02 0.03

312 p lo ts
M 0.96 0.00 25.78 28.89 0.18 0.23
M s 0.14 0.00 56.78 48.60 0.00 0.00
L t 0.99 17.00 83.72 93.85 0.20 0.25
L ts 0.56 0.00 307.03 351.85 0.03 0.05
T b a 0.99 35.22 0.00 4.41 0.00 0.01
T b a s 0.42 0.00 0.58 0.69 0.02 0.03

(lb) assume that P c (i) =  /?c(2) =  0
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(Continued)

P /3S fthvc Phvc
313 plots

M 0.96 0.00 22.25 0.09
Ms 0.14 0.00 65.98 0.00
Lt 0.99 0.00 74.99 0.11
Lts 0.56 0.00 312.17 0.01
Tba 0.99 0.00 6.78 0.11
Tbas 0.42 0.00 0.57 0.01

312 plots
M 0.96 0.00 22.26 0.09
Ms 0.14 0.00 65.77 0.00
Lt 0.99 0.00 75.00 0.11
Lts 0.56 0.00 312.78 0.01
Tba 0.99 0.00 6.78 0.11
Tbas 0.42 0.00 0.58 0.01

(2a) assume that fth — Pv = /?c(i) = /?c(2) = Phvc

P P, fthv /3C Phv Pc
313 plots

M 0.96 0.00 27.34 14.88 0.14 0.04
Ms 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
Lts 0.56 0.00 329.07 292.78 0.01 0.01
Tba 0.99 0.00 2.25 9.50 0.01 0.22
Tbas 0.42 0.00 0.63 0.50 0.01 0.01

312 plots
M 0.96 0.00 27.35 14.90 0.14 0.04
Ms 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
Lts 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
Tba., 0.42 0.00 0.63 0.51 0.01 0.01

(2b) assume that /3h = (3V = fihv and /?c(i) = /3c(3) = /3C
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(Continued)

P Ps P h P v P c ph P v P c

313 plots
M 0.96 0.00 25.77 28.88 14.88 0.13 0.16 0.04
M s 0.14 0.00 56.97 48.73 77.55 0.00 0.00 0.00
Lt 0.99 0.00 83.72 93.82 56.32 0.14 0.18 0.06
Lts 0.56 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
Tbas 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
Ms 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
Lts 0.56 0.00 307.03 351.85 293.23 0.01 0.02 0.01
Tba 0.99 0.00 0.00 4.41 9.50 0.00 0.04 0.21
Tbas 0.42 0.00 0.58 0.69 0.51 0.01 0.01 0.01

(2c) assume that II II Pc

P P s P h v P c W P c i  2) P h v P ci 1) Pci-A
313 plots

M 0.96 0.00 27.34 23.98 0.00 0.14 0.11 0.00
Ms 0.14 0.00 53.08 43.61 100.42 0.00 0.00 0.00
Lt 0.99 0.00 88.82 73.35 31.42 0.16 0.11 0.02
Lts 0.56 0.00 329.07 401.79 103.96 0.02 0.02 0.00
Tba 0.99 0.00 2.25 10.46 8.43 0.01 0.26 0.17
Tbas 0.42 0.00 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 s 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 31.35 0.16 0.11 0.02
Lts 0.56 0.00 329.82 402.66 103.11 0.02 0.02 0.00
Tba 0.99 0.00 2.25 10.46 8.43 0.01 0.26 0.17
Tba., 0.42 0.00 0.63 0.73 0.00 0.01 0.01 0.00

(2d) assume that /?/, =  Pv  =  P h V
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(Continued)

V P s Ph P v P c i  1) P c i 2) ph P v P ci 1) Pci*)
313 plots

M 0.96 0.00 25.77 28.88 23.98 0.00 0.12 0.16 0.11 0.00
Ms 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 31.42 0.14 0.18 0.11 0.02
Lts 0.56 0.00 306.29 351.11 401.79 103.96 0.01 0.02 0.02 0.00
Tba 0.99 0.00 0.00 4.41 10.46 8.43 0.00 0.04 0.25 0.16
Tbas 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 25.78 28.89 24.00 0.00 0.12 0.16 0.11 0.00
Ms 0.14 0.00 56.78 48.60 43.46 100.11 0.00 0.00 0.00 0.00
Lt 0.99 0.00 83.72 93.85 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
Tba 0.99 0.00 0.00 4.41 10.46 8.43 0.00 0.04 0.25 0.16
Tbas 0.42 0.00 0.58 0.69 0.73 0.00 0.01 0.01 0.01 0.00

(2e) assume that /?/>, Pv, (3c(i), are /3C<2 ) are all different.
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Table 6.8: T he m om ent estim ations for th e  SZIG m odel applied to  real d a ta  in
th e  Siuslaw Forest

7 alternative j '
P 7 Q!s h hv Phv 7 ' Oi's ^  hv P hv

313 plots
M 0.96 70.25 22.47 10.64 0.15 70.25 22.47 10.64 0.15
Ms 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
LG 0.56 487.96 0.00 221.92 0.08 488.68 0.00 221.60 0.08
Tba 0.99 13.05 42.51 0.39 0.01 13.05 42.51 0.39 0.01
Tbas 0.42 0.84 0.00 0.47 0.05 0.85 0.00 0.47 0.05

312 plots
M 0.96 70.20 22.56 10.66 0.15 70.20 22.56 10.66 0.15
Ms 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
Lts 0.56 490.83 0.00 221.63 0.08 491.57 0.00 221.30 0.08
Tba 0.99 13.10 42.49 0.39 0.01 13.10 42.49 0.39 0.01
Tbas 0.42 0.85 0.00 0.47 0.05 0.85 0.00 0.47 0.05

(la) assume that =  a v =  a h v and a c (i) =  a c (2) =  0

7 alternative
Ois Glv Ph Pv cx's Ot'h ot v P'h P'v

313 plots
M 22.38 9.46 11.87 0.14 0.17 22.38 9.46 11.87 0.14 0.17
Ms 0.00 60.05 43.94 0.01 0.01 0.00 59.14 43.27 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
Lts 0.00 192.25 252.63 0.07 0.09 0.00 191.97 252.26 0.07 0.09
Tba 41.08 0.00 1.49 0.00 0.03 41.07 0.00 1.49 0.00 0.03
Tbas 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 9.47 11.89 0.14 0.17 22.48 9.47 11.89 0.14 0.17
M a 0.00 59.64 43.71 0.01 0.01 0.00 58.74 43.05 0.01 0.01
Lt 207.95 36.38 45.71 0.09 0.12 207.94 36.38 45.71 0.09 0.12
Lts 0.00 192.06 252.23 0.07 0.09 0.00 191.77 251.85 0.07 0.09
Tba 41.07 0.00 1.48 0.00 0.03 41.07 0.00 1.48 0.00 0.03
Tbas 0.00 0.39 0.56 0.04 0.05 0.00 0.39 0.55 0.04 0.05

(lb) assume tha t a c(i) =  a c (2) =  0
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(Continued)

7 a lte rn a tiv e  7 '

a s d/iwc Phvc a ' s ^  hvc P hvc
313 plots

M 8.67 7.05 0 . 1 0 8.67 7.05 0 . 1 0

M s 0 . 0 0 80.54 0 . 0 0 0 . 0 0 79.32 0 . 0 0

L t 138.01 29.30 0.08 138.00 29.30 0.08
Lt* 0 . 0 0 199.71 0.03 0 . 0 0 199.42 0.03
T b a 15.91 3.52 0.08 15.91 3.52 0.08
T ba* 0 . 0 0 0.39 0 . 0 2 0 . 0 0 0.39 0 . 0 2

312 slo ts
M 8.72 7.06 0 . 1 0 8.72 7.06 0 . 1 0

M* 0 . 0 0 80.03 0 . 0 0 0 . 0 0 78.83 0 . 0 0

L t 138.60 29.19 0.08 138.59 29.19 0.08
L ts 0 . 0 0 199.32 0.03 0 . 0 0 199.02 0.03
T b a 15.99 3.51 0.08 15.98 3.51 0.08
T ba* 0 . 0 0 0.39 0 . 0 2 0 . 0 0 0.39 0 . 0 2

(2a) assume tha t =  a v =  othv — a c W  — a c(J) =  &hvc

7 a lte rn a tiv e  7 '

0£s 0 7 Phv Pc a ' s ^  hv a ' c P hv P'c
313 p lo ts

M 9.85 10.64 3.15 0.15 0.05 9.86 10.64 3.15 0.15 0.05
M* 0 . 0 0 52.13 111.29 0 . 0 0 0 . 0 0 0 . 0 0 51.34 109.60 0 . 0 0 0 . 0 0

L t 141.91 41.10 16.52 0 . 1 1 0.04 141.90 41.10 16.52 0 . 1 1 0.04
Lt* 0 . 0 0 221.92 175.67 0.03 0.03 0 . 0 0 221.60 175.41 0.03 0.03
T b a 14.88 0.39 6.91 0 . 0 1 0.15 14.87 0.39 6.91 0 . 0 1 0.15
T ba* 0 . 0 0 0.47 0.30 0 . 0 2 0 . 0 1 0 . 0 0 0.47 0.30 0 . 0 2 0 . 0 1

312 p lo ts
M 9.91 1 0 . 6 6 3.16 0.15 0.05 9.91 1 0 . 6 6 3.16 0.15 0.05
M s 0 . 0 0 51.81 110.59 0 . 0 0 0 . 0 0 0 . 0 0 51.03 108.92 0 . 0 0 0 . 0 0
L t 142.48 40.97 16.45 0 . 1 1 0.04 142.47 40.97 16.45 0 . 1 1 0.04
Lt* 0 . 0 0 221.63 175.18 0.03 0.03 0 . 0 0 221.30 174.91 0.03 0.03
T b a 14.96 0.39 6 . 8 8 0 . 0 1 0.15 14.95 0.39 6.89 0 . 0 1 0.15
T ba* 0 . 0 0 0.47 0.30 0 . 0 2 0 . 0 1 0 . 0 0 0.47 0.30 0 . 0 2 0 . 0 1

(2 b) assume th a t ah =  a v — ®hv and a c(i) =  a cic) = a c
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(Continued)

313 plots
7

a s «/i av a c Ph Pv Pc
M 9.77 9.46 11.87 3.15 0.14 0.17 0.05
Ms 0 . 0 0 60.05 43.94 111.29 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.58 36.51 45.85 16.52 0.09 0 . 1 2 0.04
Lts 0 . 0 0 192.25 252.63 175.67 0.03 0.04 0.03
Tba 13.44 0 . 0 0 1.49 6.91 0 . 0 0 0.03 0.15
Tbas 0 . 0 0 0.39 0.56 0.30 0 . 0 2 0 . 0 2 0 . 0 1

alternative j '
a 's Oi'h a y Ot'c P 'h p 'v p'c

M 9.77 9.46 11.87 3.15 0.14 0.17 0.05
Ms 0 . 0 0 59.14 43.27 109.60 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.57 36.51 45.85 16.52 0.09 0 . 1 2 0.04
Lts 0 . 0 0 191.97 252.26 175.41 0.03 0.04 0.03
Tba 13.44 0 . 0 0 1.49 6.91 0 . 0 0 0.03 0.15
Tbas 0 . 0 0 0.39 0.56 0.30 0 . 0 2 0 . 0 2 0 . 0 1

312 plots
7

a s <Xh av a c Ph Pv Pc

M 9.82 9.47 11.89 3.16 0.14 0.17 0.05
Ms 0 . 0 0 59.64 43.71 110.59 0 . 0 0 0 . 0 0 0 . 0 0

Lt 142.16 36.38 45.71 16.45 0.09 0 . 1 2 0.04
Lts 0 . 0 0 192.06 252.23 175.18 0.03 0.04 0.03
Tba 13.53 0 . 0 0 1.48 6 . 8 8 0 . 0 0 0.03 0.15
Tbas 0 . 0 0 0.39 0.56 0.30 0 . 0 2 0 . 0 2 0 . 0 1

alternative 7 '
a's Oi'h a y Ot'c P'h P V p 'c

M 9.83 9.47 11.89 3.16 0.14 0.17 0.05
Ms 0 . 0 0 58.74 43.05 108.92 0 . 0 0 0 . 0 0 0 . 0 0

Lt 142.15 36.38 45.71 16.45 0.09 0 . 1 2 0.04
Lts 0 . 0 0 191.77 251.85 174.91 0.03 0.04 0.03
Tba 13.53 0 . 0 0 1.48 6.89 0 . 0 0 0.03 0.15
T bas 0 . 0 0 0.39 0.55 0.30 0 . 0 2 0 . 0 2 0 . 0 1

( 2 c) assume that ac(i) — ac(2) —
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(Continued)

313 plots
7

O is ^ h v 6 i c { 1) a c(2) Phv Pci 0 P cW
M 6 . 1 0 10.64 8.18 0 . 0 0 0.15 0 . 1 2 0 . 0 0

M s 0 . 0 0 52.13 35.19 186.58 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.66 41.10 28.02 5.14 0 . 1 1 0.07 0 . 0 1

Lts 0 . 0 0 221.92 330.84 22.15 0.03 0.05 0 . 0 0

Tba 14.85 0.39 8.39 5.44 0 . 0 1 0.18 0 . 1 2

Tbas 0 . 0 0 0.47 0.62 0 . 0 0 0 . 0 2 0.03 0 . 0 0

alternative 7 '
O t ' s ^  hv Oi'c(1) a 'c( 2) P hv P 'cW P 'cW

M 6 . 1 0 10.64 8.18 0 . 0 0 0.15 0 . 1 2 0 . 0 0

M s 0 . 0 0 51.34 34.65 183.76 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.65 41.10 28.03 5.14 0 . 1 1 0.07 0 . 0 1

Lts 0 . 0 0 221.60 330.35 2 2 . 1 2 0.03 0.05 0 . 0 0

Tba 14.84 0.39 8.39 5.44 0 . 0 1 0.18 0 . 1 2

Tbas 0 . 0 0 0.47 0.62 0 . 0 0 0 . 0 2 0.03 0 . 0 0

312 plots
7

Ots d c(i) a c( 2) P hv PdO Pci2)
M 6.15 1 0 . 6 6 8 . 2 1 0 . 0 0 0.15 0 . 1 2 0 . 0 0

M s 0 . 0 0 51.81 34.95 185.43 0 . 0 0 0 . 0 0 0 . 0 0

Lt 142.24 40.97 27.91 5.10 0 . 1 1 0.07 0 . 0 1

Lts 0 . 0 0 221.63 330.34 2 1 . 6 6 0.03 0.05 0 . 0 0

Tba 14.92 0.39 8.36 5.43 0 . 0 1 0.18 0 . 1 2

Tbas 0 . 0 0 0.47 0.62 0 . 0 0 0 . 0 2 0.03 0 . 0 0

alternative 7 '
O t ' s ® hv a'cO) «'c(2) P hv P'cW p ' d 2 )

M 6.15 1 0 . 6 6 8 . 2 1 0 . 0 0 0.15 0 . 1 2 0 . 0 0

M s 0 . 0 0 51.03 34.42 182.63 0 . 0 0 0 . 0 0 0 . 0 0

Lt 142.23 40.97 27.92 5.10 0 . 1 1 0.07 0 . 0 1

Lts 0 . 0 0 221.30 329.84 21.63 0.03 0.05 0 . 0 0

Tba 14.92 0.39 8.36 5.43 0 . 0 1 0.18 0 . 1 2

Tbas 0 . 0 0 0.47 0.62 0 . 0 0 0 . 0 2 0.03 0 . 0 0

(2d) assume that a  a =  a v =  a ^ y
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(Continued)

313 plots
7

a v & c(2) Ph P v P cW Pci 2)
M 6 . 0 1 9.46 11.87 8.18 0 . 0 0 0.14 0.17 0 . 1 2 0 . 0 0

Ms 0 . 0 0 60.05 43.94 35.19 186.58 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.34 36.51 45.85 28.02 5.14 0.09 0 . 1 2 0.07 0 . 0 1

Lts 0 . 0 0 192.25 252.63 330.84 22.15 0.03 0.04 0.05 0 . 0 0

Tba 13.41 0 . 0 0 1.49 8.39 5.44 0 . 0 0 0.03 0.18 0 . 1 2

Tbas 0 . 0 0 0.39 0.56 0.62 0 . 0 0 0 . 0 2 0 . 0 2 0.03 0 . 0 0

alternative j '
a 's a'h a'v a'cW a'c( 2) P 'h p 'v P 'cW P 'cW

M 6 . 0 1 9.46 11.87 8.18 0 . 0 0 0.14 0.17 0 . 1 2 0 . 0 0

Ms 0 . 0 0 59.14 43.27 34.65 183.76 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.33 36.51 45.85 28.03 5.14 0.09 0 . 1 2 0.07 0 . 0 1

Lts 0 . 0 0 191.97 252.26 330.35 2 2 . 1 2 0.03 0.04 0.05 0 . 0 0

Tba 13.41 0 . 0 0 1.49 8.39 5.44 0 . 0 0 0.03 0.18 0 . 1 2

Tbas 0 . 0 0 0.39 0.56 0.62 0 . 0 0 0 . 0 2 0 . 0 2 0.03 0 . 0 0

312 plots
7

Q£s Oih av a c(i) a c( 2) Ph P v P cW Pd 2)
M 6.07 9.47 11.89 8 . 2 1 0 . 0 0 0.14 0.17 0 . 1 2 0 . 0 0

Ms 0 . 0 0 59.64 43.71 34.95 185.43 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.92 36.38 45.71 27.91 5.10 0.09 0 . 1 2 0.07 0 . 0 1

Lts 0 . 0 0 192.06 252.23 330.34 2 1 . 6 6 0.03 0.04 0.05 0 . 0 0

Tba 13.50 0 . 0 0 1.48 8.36 5.43 0 . 0 0 0.03 0.18 0 . 1 2

Tbas 0 . 0 0 0.39 0.56 0.62 0 . 0 0 0 . 0 2 0 . 0 2 0.03 0 . 0 0

alternative 7 '
a's a'h a ' v Q,/c (1) a ' c( 2) P 'h P V p 'c i  1) p 'c i2)

M 6.07 9.47 11.89 8 . 2 1 0 . 0 0 0.14 0.17 0 . 1 2 0 . 0 0

Ms 0 . 0 0 58.74 43.05 34.42 182.63 0 . 0 0 0 . 0 0 0 . 0 0 0 . 0 0

Lt 141.91 36.38 45.71 27.92 5.10 0.09 0 . 1 2 0.07 0 . 0 1

Lts 0 . 0 0 191.77 251.85 329.84 21.63 0.03 0.04 0.05 0 . 0 0

Tba 13.49 0 . 0 0 1.48 8.36 5.43 0 . 0 0 0.03 0.18 0 . 1 2

Tbas 0 . 0 0 0.39 0.55 0.62 0 . 0 0 0 . 0 2 0 . 0 2 0.03 0 . 0 0

(2e) assume tha t 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 
\ h = \ v = Ahv and Ac(i> = Ac(2) = 0, (lb) assume that Ac(i) = Ac(2) = 0 (2a) 
assume that Xh = Xv — Ac(i) = Ac(2) = A hvc (2 b) assume that Xh — Xv — X hv 
and Ac(p = Ac(2) = Ac (2 c) assume that Ac(i) = Ac(2) = Ac (2 d) assume that 
\ h = \ v = \ hv (2 e) assume that A ,̂A„,Ac(i), are Ac(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 
M = A„ = Ahv and Ayi) =  Ac(2) = 0, (lb) assume that Ac(i) = Ac(2) =  0 (2a) 
assume that A/j = Â  = ĉl1) = ĉ(2) ~  ^hvc (2 b) assume that A/j = Â  = Xhv 
and Ac(p = Ac(2> = Ac (2 c) assume that Ac(i) = Ac(2) = Ac (2d) assume that 
Â  =  A„ =  A hv (2 e) assume that A h, \ v, Ac(p, are Ac(2) 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 
f3h = (3V = (3hv and j3c(i) = /3C<2) =  0, (lb) assume that (3c(i) = f3c(2) = 0, (2a) 
assume that fth = f3v = flc(i) = f3c{2) = flhvc, (2 b) assume that f3h = f3v = /3hv 
and /3c(i) = /?c(2) = (3C, (2c) assume that /5c(i) = f3c(2) = (3C, (2 d) assume that 
flh — fiv = flhv5 (2e) assume that (3h, (3V} (3c(i), and j3c(2) are all different.
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Figure 6.9: RMSE for the plot-based data fitted by spatial ZIG models

Mortality Mortality of Seedlings
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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 Sed. 6.8.4). The values of x-axis are (la) assume that 
a h = a v = a.hv and cryi) = cry2) = 0 , (lb) assume that cry 1) = crya) = 0 , (2 a) 
assume that cr̂  = cr„ = cry 1) = cry2) = cr/j„c, (2 b) assume that ah = a v = ahv 
and cryi) = cry2) = a c, (2 c) assume that cryi) = a c(2) = a c, (2 d) assume that 
ah = a v = ahv, (2 e) assume that a h ,a v, a c( 1), and dc(2) 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/j = A„ = A hv and Ayn = Acp) = 0, (lb) assume that Acp) = Ac<2) = 0 (2a) 
assume that Â  = \ v = Ac(p = Acp) = A hvc (2b) assume that \ h = \ v = \ hv 
and Ac(i) = Ac(2) = Ac (2c) assume that Ac(i) = Ac(2) = Ac (2d) assume that 
Xh = \ v = \hv (2e) assume that Â , \ v, Ac(i), are Ac(2) are all different.
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Figure 6.11: RMSE for the subplot-based data fitted by spatial ZINB models

Mortality Mortality of Seedlings
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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 
\ h = \ v = \ hv and Ac(i) = Ac(2) = 0, (lb) assume that Acp) = Ac(2> = 0 (2 a) 
assume that X^ = Xv = Ac(i) = Ac(2) = A hvc (2b) assume that Xh = Xv = Xhv 
and Ac(i) = Ac(2) = Ac (2 c) assume that Ac<i) = Ac(2) = Ac (2 d) assume that 
Xh = A„ = A hv (2e) assume that Â , Xv, Ac(i), are Ac(2) are all different and A ,• =  cxQ.
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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 
j3h — p v = [3hv and /3c(i) = /?c(2) = 0, (lb) assume that /3c(i) = /?c(2) = 0, (2a) 
assume that Ph = Pv — PCW — fid2) — ft hvc, (2 b) assume that p h = pv = p hv 
and Pc(i) = Pc(2) = Pc, (2 c) assume that Pc(p = Pc(2) = Pc, (2 d) assume that 
p h z= p v = p h v 5  (2 e) assume that Ph, Pv, Pc(i), and /3C(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, + and x respectively denote the 
prediction rules 1-4 (see Sed. 6.8.4). The values of x-axis are (la) assume that 
cth = ctv = ahv and CM1) =  a c(2) = 0 ) (lb) assume that ayy = ac(2) = 0 , (2 a) 
assume that a h  = a v =  a c(p = a c(2) = ahvc, (2 b) assume that a h  =  a v = a h v 
and a c(i) = a c(2) = a c, (2 c) assume that cryp = a c(2) = a c, (2 d) assume that 
ah  = a v = a h v , (2 e) assume that a/,,av,a c(i), and dc(2) are all different.
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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—X. (3 

where X is an N  x (k + 1) matrix and (3 is a (k + l)-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 M odel (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 general linear regression model without spatial dependence. 

The model is written in the matrix form of

Y = X/3 + £ (7.1)

where Y = (Yx, . . .  , YN)', X = (1, XW ,.. .  , X«)', X «  = (Xjj), . . .  , X ^ y  and

X j ^  denotes the jth covariate at plot z, (3 is a vector of k -\-1 regression parameters,

£ ~  MVN(0 , a 2 I); where the X \ ^  might be Aspect (Asp), Elevation (Elev), Slope, 

TM bands 1-5 and 7 (Bandi-Band5, and Bandr), Tasseled Cap band data (Capi- 

Caps), ratio band data (Ratioi-Ratioa), etc.

The ordinary least square estimate (3 of (3 is found by minimizing
N  k

-  a , -  X f t T ’’)2
i=i j=l

with respect to (3. The solution is given by

P ols = (X'X)-'X'Y (7.2)
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The residuals in the model (7.1) are given by
k

ii  = Y i - p i = ,N .
i=i

The variance a 2 is estimated by

d2 =
1

N - ( k  + 1)
(Y -  X $ ) ' ( Y -  X $ )  (7.3)

N - i h + l ) ^

The MLE of a 2 is given by

1 N
° M L E  =  E i 2 under the Gaussian model. (7-4)

i - 1

The Gaussian likelihood function for Y = (Yl5. . .  , Yn )' is given by

exp
jT (Y  -  X/3)'(Y -  X/3)

The log-likelihood is

N  1
1(13, a 2) =  ~ - l o g ( 2 n a 2) -  — (Y -  X/3)'(Y -  X/3).

The MLE (maximum likelihood) estimator is found by maximizing /(■) with re­

spect to (3 and a 2.

=  0.

The equality holds if and only if d2=(Y-X/3)' (Y-X/3). The MLE of (3 is then 

found by minimizing l(j3 , d2), i.e. (3m l e — (3o l s ■

To test whether there is a regression relation between the dependent variable 

X and Y, we choose between the alternatives: H0 : (3i = . . .  = (3k = 0 versus Ha: 

not all (3i, i = 1,. .. , k equal zero. One can use the F-test, where

F  =  ~  Fk-N - t ~ "  under  is t ru e
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where

r2  =  p X X ' 0 '  -  Y 2
Y'Y -  N Y 2

To test H0 : (3j = 0 vs. H a : f3j ^ 0, j  = 1 ,... , k,  we may use the t-test for 

t-statistic

*  -  Pi
W -  ,  1 / 2

° aii
where an is the ith diagonal element of (X'X)-1. The decision rule at level a  is: 

if | tj |< t( 1 — a/2, N  — (k + 1)), do not reject H0; otherwise reject H0.

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 k = 1. The similarity is defined by the similarity 

function

Dij = (X, -  X j ) G A 2G’(Xi -  X j)' (7.5)

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 any of the forest vari­

ables, such as mortality (M), mortality of seedlings (Ms), total numbers of live 

trees (Lt), Lt of seedlings (Lts), total basal area (Tba), Tba of seedlings (Lts), 

and X,- = ( X ^ , .. .  , X is any of the auxiliary variables, i.e. Aspect, Elevation, 

Slope, TM bands 1-5 and 7 at plot i. 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 Dij using such a distance function 

related to the canonical correlation concept is proposed. First, using the canonical 

correlation analysis for the N  sampled plots, the G  and A are obtained.
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7.3 Spatial R egression  M odel (SR M ) w ith  /a=X /3

In Chapter 4, we discussed the simple spatial model ("Phase I” model)

(See (4.1)) Y = /x + B e ,

where Y = (Y, • • • , Yv)', /x=(/i,. • • ,/i)', s ~  MVN(0, cr2 I) and T = I + pi H +  

p2V + p3 C ^ + p 4 CW  = 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 = fx + Be

= X/3 + B e  (7.6)

where Y = (Y, • • • , Yv)', Vi = flo + Xp=i (̂ 3 X \3\  X \ 3̂  denotes the jth covariate 

at plot i, A*=(/ii,. . .  ,piv ) ' ,  e ~  MVN(0, a 2 I), T = I + px H + p2 V = B ' B , and 

is the auxiliary data such as Aspect, Elevation, Slope, TM bands 1-5 and 7 at 

plot i. Since B  is invertible, we assume that M  =  (rriij) = I — B ~ l . In individual 

observation, equation (7.6) is equivalent to
k  N  k

Y = (3o + E h x \3) + E m̂ Yl -  + E &xii]y = (7.7)
j = 1 1=1 j = l

where mu  are zeros for i = 1,. . . , N . The value at plot i 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 = (Y, • ■ ■ , Yv)' is

L(/3, cr2 ,p i,p2) = (27r<72)_Ar/2| T |~1/2exp

where T = I + pi H + p2V + p3 Ch1) + p4 (A2) = B'B .  Then the log-likelihood of 

Y is

l((3, cr2,p l]i = 1, . . .  ,4) = log (T(/3, er2, /?,•; z = 1,. .. , 4))
N  ■ 1 1

= - - l o g ( 2 n a 2) -  -log(\ T  |) -  — (Y -  X f 3 ) ' ( Y  -  X(3)
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Maximizing with respect to p and a  , we find that

0UUS = ( X 'X ) - .X 'Y  and =  W  ~  -  * / 3 )  (, 8)

The log-likelihood is therefore reduced to

l(/3, (T2, p 1,p2) = - y M 2?ra2) -  ~log(\ T  |) -  y

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 = (Ifi,. . .  , Y/v)' are independent and

f 0  with probability 1 — pi
% \  Poisson(Ai) with probability pi

and the parameters A = (A1;.. .  , An )' and p  = (p i , . . .  ,Pn )' satisfy

log{ A) = X(3 (7.9)

logit(p) = lo g (p / ( l  -  p)) = G j  (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:

Yt = D0 ( l -  B,) + (Pj-s) + Pl{hr) + Pt{hl) + P-vu) + P t d)

+  P / Cl) +  P / C2) +  P / Cs) +  P t(c4) +  1 )  B i7 ( S e e  ( 6 . 1 6 ) )

and the parameters p and A = (Â , Â , Ac(i), Ac(2))' satisfy

log(X) = X(3 (7.11)

logit(p) = log(p / ( l  -  p)) = G j  (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 Tba 

with and without the isolated plot observation. Since the results are about the 

same, we only summarize the results for Tba without the isolated plot ( N  — 312). 

The results for Tba are summarized in Table 7.1. The predictor variables Elev, 

Bandi-Bands, Bands, Bandy, Capi, Cap2 , Cap3, Ratioi, and Ratio2 are significant 

at level 0.05. We included all predictors except for Tasseled Cap variables in the 

model (7.1) for Tba 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 

Tba without the isolated plot is (S.D. values in parentheses)

Y{ = 85.71 + 11.01 Asps — 0.34 Band.* — 33.23 Ratio2 

(7.08) (3.91) (0.05) (8.99)
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R 2 = 0.1423; residual S.D.=22 . 6 8  

— Log(likelihood) = —1414.61 

A I C  = 2837.21 

A I C C  = 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 

(si ,s2) are n°t 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 II” 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 = X/? + S (7.13)

where S = B e  is MVN(0, cr2 r) and T = B'B .

Before we fit the model to the residuals, S , 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 S, jh  and 7 v are very small, one 

is negative and the other one is positive; and 7 hv yields the value of -0.0097. As 

to the 2-unit-apart sample correlations, 7 h is twice -yv. Thus, we will consider 

Scheme (2d), i.e. pi = p2 1 p3 , P4 , in the ’’Phase II” model. The result for Tba 

from Model 7.6 is summarized in Table 7.3.

In the MSN procedure, when is minimized at j  = /, the value Y\ is 

imputed as the prediction for plot i. The first MSN model we consider is the 

model that includes the predictor variables, Elev, Bandi-Band3 ,Bands, Band?, 

Capi, Cap2, Cap3, Ratioi, Ratio2 and Ratio3. Then we also consider the model
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with all variables in the previous MSN model, si and s2, and the model with an 

additional variable Si X s2.

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 coefficients for the location coordinates are not significant at level 

a  = .05. From Table 7.4, we can see that the sample correlations of the residuals 

for Lt, 7 /j and 7 v are about the same. As to the 2-unit-apart sample correlations, 

7  ̂ is almost triple 7 .̂ Thus, we will consider Scheme (2d), i.e. pi = p2, Pz, p4 , in 

the ’’Phase IF’ 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, Band2 -Band5, Band7, and Capi, 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.

Yi = 100.37 + 15.95 Asps;n + 0.08 Elev — 1.89 Band7 — 7.26 Ratioi 

= (18.12) (5.55) (0.03) (0.64) (3.08)

R 2 = 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 a = .05. From Table 7.4, we can see that the sample 

correlations of the residuals for Lt, 7  ̂ and 7 v are about the same. As to the 

2-unit-apart sample correlations, 7  ̂ is almost triple j v. Thus, we will consider 

Scheme (2d), i.e. pi = p2, ps, p±, in the ’’Phase IF’ model. Also, we consider an 

alternative one with scheme (2 b) because one parameter less has to be estimated.
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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, 7 h is 

ten times as much as 7 ,,, but 7 h is negative. Thus, we will consider Scheme (2d), 

i.e. pi — P2 , P3 , pAi in the ”Phase II” model. The difference between 7 h and -fv 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 (2 e).

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 Tba are summarized in Table (7.5).

We note that the RMSE of Tba 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 Tba 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 

2826.36, 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 (2 a) 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 overall RMSE.
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Table 7.1: The estim ates of the param eters from the linear regression model (7.1)
with one predictor for Tba

A s.e.((3o) A s.e.((3i) a R 2 p-value
Asp 43.27

(0 .0 0 0 )
2.80 -0 . 0 0

(0.933)
0 . 0 1 24.41 0 .0 0 0 0.933

A s p Sm 43.53
(0 .0 0 0 )

1.39 0.85
(0.667)

1.97 24.40 0 .0 0 0 0.667

AspC0S 43.51
(0 .0 0 0 )

1.38 -1.62
(0.405)

1.94 24.38 0 . 0 0 2 0.405

Asp RC 45.15
(0 .0 0 0 )

2.42 -3.30
(0.397)

3.89 24.38 0 . 0 0 2 0.397

Asp s 42.73
(0 .0 0 0 )

2.30 1.59
(0.687)

3.94 24.40 0 . 0 0 2 0.687

Elev 37.16
(0 .0 0 0 )

3.02 0 . 0 2

(0 .0 2 0 )
0 . 0 1 24.20 0 . 0 2 0 0 . 0 2 0

Slope 41.99
(0 .0 0 0 )

3.22 0.09
(0.611)

0.18 24.40 0 .0 0 0 0.611

Bandi 119.06
(0 .0 0 0 )

19.40 - 1 . 2 0

(0 .0 0 0 )
0.31 23.83 0.047 0 .0 0 0

Band2 86.29
(0 .0 0 0 )

9.70 -1 . 8 8

(0 .0 0 0 )
0.42 23.66 0.060 0 .0 0 0

Band3 68.28
(0 .0 0 0 )

6 . 0 2 -1.39
(0 .0 0 0 )

0.33 23.74 0.0545 0 .0 0 0

Band4 66.48
(0 .0 0 0 )

4.41 -0.27
(0 .0 0 0 )

0.05 23.31 0.089 0 .0 0 0

Bands 64.52
(0 .0 0 0 )

3.82 -0.47
(0 .0 0 0 )

0.08 23.16 0 . 1 0 0 .0 0 0

Bandy 57.53
(0 .0 0 0 )

2.95 -1.17
(0 .0 0 0 )

0 . 2 2 23.36 0.084 0 .0 0 0

Capi 77.66
(0 .0 0 0 )

5.67 -0.32
(0 .0 0 0 )

0.05 23.03 0 . 1 1 0 .0 0 0

Cap2 54.12
(0 .0 0 0 )

2.58 -0.34
(0 .0 0 0 )

0.07 23.54 0.070 0 .0 0 0

Cap3 38.97
(0 .0 0 0 )

2.33 0.38
(0.018)

0.16 24.19 0.018 0.018

Ratioi 69.09
(0 .0 0 0 )

5.45 -4.24
(0 .0 0 0 )

1.08 23.83 0.047 0 .0 0 0

Ratio2 5.3.54
(0 .0 0 0 )

.5.14 -18.97
(0.043)

9.33 23.25 0.013 0.043

Ratio3 41.58
(0 .0 0 0 )

6.71 0.47
(0.774)

1.65 24.41 0 .0 0 0 0.774

Note: the p-values in parenthesis are for testing the hypothesis H 0 :/?,• = 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 Tba

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
Po 87.4708 35.7877 2.4442 0.0151

Asp 0.0123 0.0194 0.6363 0.5251
Asps;n 7.0637 3.0246 2.3354 0 . 0 2 0 2

AspC0S -2.8510 1.8602 -1.5326 0.1264
Elev 0.0147 0 . 0 1 0 0 1.4646 0.1441

Slope -0.0544 0.1749 -0.3109 0.7561
Bandi 0.0983 0.6474 0.1519 0.8794
Band2 2.2970 1.2157 1.8895 0.0598
Bands -1.5460 1.2048 -1.2832 0.2004
Band4 -0.5498 0.2969 -1.8518 0.0650
Bands 0.6241 0.3967 1.5733 0.1167
Band7 -1.1340 0.7105 -1.5961 0.1115
Ratioi -1.9607 3.9968 -0.4906 0.6241
Ratio2 -47.8559 27.9697 -1.7110 0.0881
Ratios -2.9812 2.3721 -1.2567 0.2098

The t statistic is for testing if the coefficient is zero and the two sided p-value 
for the t statistic.
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Table 7.3: The model (7.1) with the best predictor variables and location coordi­
nates ( s i ,s 2) f°r Tba

coef
Model (7.1)(a) 
std.err t.stat p. value

0o 85.7143 7.0799 12.1066 0 . 0 0 0 0

Asp 5 11.0138 3.9052 2.8203 0.0051
Band4 -0.3446 0.0517 -6.6682 0 . 0 0 0 0

Ratio2 -33.2385 8.9941 -3.6956 0.0003
Model (7.1)(b)

coef std.err t . st at p. value
00 82.6222 8.6993 9.4975 0 . 0 0 0 0

Si 0.1301 0.4038 0.3222 0.7475
S2 0.0603 0.0761 0.7928 0.4285

Asp s 10.9550 3.9156 2.7978 0.0055
Band4 -0.3532 0.0520 -6.7944 0 . 0 0 0 0

Ratio2 -32.6283 9.1746 -3.5564 0.0004
Model (7.1)(c)

coef std.err t.stat p. value
0o 76.5800 11.3330 6.7573 0 . 0 0 0 0

Sl 0.6533 0.7472 0.8744 0.3826
S2 0.2540 0.2448 1.0376 0.3003

SlS2 -0.0158 0.0190 -0.8325 0.4058
Asp 5 11.0840 3.9207 2.8271 0.0050

Band4 -0.3593 0.0525 -6.8407 0 . 0 0 0 0

Ratio2 -31.5830 9.2647 -3.4090 0.0007

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 7.4: Sample Correlations for the residuals, 5 , in Model 7.13

Th rv rhv fc(2) rc
Tba -0.0320 0.0134 -0.0097 0.1810 0.0961 0.1383
Lt 0.1031 0.0989 0 . 1 0 1 0 0.0803 0.0230 0.0515
M 0.0989 0.1535 0.1257 0.1078 -0.0793 0.0138

r/p sample correlation between one-unit-apart (1.7 mile) horizontal neighbors 
rv: sample correlation between one-unit-apart vertical neighbors 
r^y: sample correlation between one-unit-apart neighbors
r (i): 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 
rc: sample correlation between one-unit-apart (1.7 a /2  mile) corner neighbors

Table 7.5: Model selection criteria for all 3 types of competing models for Tba:

RMSE AIC BIC AICC
ICY Model (7.1)(a) 20.24 2838.41 2857.13 2838.61

Model (7.1)(b) 2 0 . 1 2 2841.21 2867.41 2841.57
Model (7.1)(c) 20.30 2842.48 2872.43 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 (3q (intercept), Band4, and Ratk>2 . 
Model (7 .1 )(b): the model (7.1) with predictors j30 (intercept), Band4, Ratio2, and 
location coordinates s4, s2.
Model (7.1)(c): the model (7.1) with predictors /3q (intercept), Band4, Ratio2, location 
coordinates s4, s2, s4 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 s4, s2.
Model (7.5) (c): the model (7.5), i.e. most similar neighbor model with all predictors, 
location coordinates s2, s4 X  s2, Model (7.6): teh model (7.6) with predictors j30 
(intercept), Asps;„, Elev, Band4, and Cap3.
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Table 7.6: The estim ates of the param eters from the linear regression model (7.1)
with one predictor for Lt

0o s .e .( f to ) Pi s . € .{ 0 0 <7 R 2 p-value
Asp 385.80

(0 .0 0 0 )
30.89 -0 . 1 0

(0.493)
0.14 269.54 0 . 0 0 2 0.493

AspSj'„ 369.79
(0 .0 0 0 )

15.28 35.58
(0 .1 0 2 )

21.70 268.59 0.009 0 . 1 0 2

Aspcos 367.38
(0 .0 0 0 )

15.28 -1.04
(0.961)

21.51 269.75 0.000 0.961

Asp/jc 369.53
(0 .0 0 0 )

26.77 -4.24
(0.921)

43.01 269.74 0.000 0.921

Asps 334.22
(0 .0 0 0 )

25.31 71.08
(0.103)

43.41 268.59 0.009 0.103

Elev 367.50
(0 .0 0 0 )

33.63 -0 . 0 0

(0.996)
0 . 1 1 269.75 0.000 0.996

Slope 335.81
(0 .0 0 0 )

35.53 1.95
(0.326)

1.98 269.33 0.003 0.326

Bandi 357.06
(0.105)

219.64 0.16
(0.963)

3.47 269.75 0.000 0.963

Band2 355.18
(0 .0 0 1 )

110.57 0.54
(0.911)

4.81 269.74 0.000 0.911

Bands 432.3
(0 .0 0 0 )

68.35 -3.64
(0.330)

3.73 269.34 0.003 0.330

Band4 273.26
(0 .0 0 0 )

50.73 1.09
(0.053)

0.56 268.12 0 . 0 1 2 0.053

Band5 379.56
(0 .0 0 0 )

44.44 -0.27
(0.770)

0.93 269.71 0.000 0.770

Bandr 384.05
(0 .0 0 0 )

34.03 -1.39
(0.584)

2.54 269.62 0 . 0 0 1 0.584

Capi 304.99
(0 .0 0 0 )

66.34 0.58
(0.335)

0.60 269.34 0.003 0.335

Cap2 313.33
(0 .0 0 0 )

29.3 1.74
(0.032)

0.81 267.75 0.015 0.032

Cap3 314.37
(0 .0 0 0 )

25.7 4.50
(0 .0 1 1 )

1.77 266.97 0 . 0 2 1 0 . 0 1 1

Ratio! 184.37
(0.003)

60.78 37.63
(0 .0 0 2 )

1 2 . 1 1 265.64 0.03 0 . 0 0 2

Ratio2 509.53
(0 .0 0 0 )

56.59 -267.74
(0 .0 1 0 )

102.70 266.84 0 . 0 2 1 0 . 0 1 0

Ratios 281.48
(0 .0 0 0 )

73.99 21.61
(0.236)

18.22 269.14 0.005 0.236

Note: the p-values in parenthesis are for testing the hypothesis Ho : 0i = 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
/% -453.5849 422.2453 -1.0742 0.2836

Asp 0.1077 0.2288 0.4707 0.6382
AspSjn 43.6416 35.6857 1.2229 0.2223
Aspcos -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

Bandi 6.8879 7.6380 0.9018 0.3679
Band2 7.1425 14.3434 0.4980 0.6189
Band3 -7.7924 14.2148 -0.5482 0.5840
Band4 0.1518 3.5032 0.0433 0.9655
Band5 -8.2105 4.6803 -1.7543 0.0804
Band7 13.3605 8.3827 1.5938 0 . 1 1 2 0

Ratioi 64.2024 47.1565 1.3615 0.1744
Ratio2 104.1342 330.0039 0.3156 0.7526
Ratio3 38.8062 27.9878 1.3865 0.1666

The t statistic is for testing if the coefficient is zero and the two sided p-value 
for the t statistic.
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Table 7.8: The model (7.1) with the best predictor variables and location coordi­
nates (si, 32) for Lt

coef
Model (7.1)(a) 

std.err t.stat p. value
A> 184.3730 60.7825 3.0333 0.0026

Ratioi 37.6271 1 2 . 1 1 0 0 3.1071 0 . 0 0 2 1

Model (7.1)(b)
coef std.err t.stat p. value

A> 277.3792 71.8849 3.8587 0 . 0 0 0 1

•Si -14.1999 4.6069 -3.0823 0 . 0 0 2 2

•S2 1.3869 0.8716 1.5913 0.1126
Ratioi 41.6222 12.0854 3.4440 0.0007

Model (7.1)(c)
coef std.err t.stat p. value

A 174.0339 100.4176 1.7331 0.0841
•Si -3.5631 8.5691 -0.4158 0.6778
S2 5.3021 2.8001 1.8935 0.0592

S1S2 -0.3208 0.2181 -1.4710 0.1423
Ratioi 38.0591 12.3034 3.0934 0 . 0 0 2 2

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 7.9: Model selection criteria for all 3 types of competing models for Lt:

RMSE AIC BIC AICC
1CV Model (7.1)(a) 234.78 4371.90 4383.12 4371.97

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

M odel (7 .1 ) (a): th e  m odel (7.1) w ith  p re d ic to r  f30 ( in te rc e p t)  R a t io ! .
M odel (7 .1 ) (b ): th e  m odel (7.1) w ith  p re d ic to rs  f30 ( in te rc e p t) , R a t io i ,  a n d  lo ca tio n  

c o o rd in a te s  S i, s 2 .
M odel (7 .1 )(c): th e  m odel (7 .1) w ith  p re d ic to rs  /30 ( in te rc e p t) , R a t io i ,  lo c a tio n  c o o rd i­

n a te s  S i, 52) s i X s 2 -
M odel (7 .5 ) (a): th e  m odel (7 .5 ), i.e. m o s t s im ila r n e ig h b o r m odel w ith  all p re d ic to rs  
M odel (7.5) (b ): th e  m odel (7 .5 ), i.e. m o st s im ila r n e ig h b o r m odel w ith  all p re d ic to rs  
an d  lo c a tio n  c o o rd in a te s  s i ,  S2 .
M odel (7 .5) (c): th e  m odel (7 .5 ), i.e. m o st s im ila r ne ig h b o r m odel w ith  all p re d ic to rs , 
lo ca tio n  c o o rd in a te s  s i ,  s 2 ,  s i  X  S2.
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Table 7.10: The estim ates of the param eters from the linear regression model (7.1)
with one predictor for M

s.e.(f30) A s.e.(A) <7 R 2 p-value
Asp 68.45

(0.000)
7.74 -0.03

(0.410)
0.04 67.56 0.002 0.410

Asp sj-,j 63.48
(0.000)

3.83 8.63
(0.114)

5.44 67.36 0.008 0.114

AspC0S 62.98
(0.000)

3.83 -4.48
(0.406)

5.39 67.56 0.002 0.406

Asp R C 67.74
(0.000)

6.70 -9.48
(0.379)

10.77 67.55 0.002 0.379

Asp 5 54.98
(0.000)

6.35 16.98
(0.120)

10.89 67.37 0.008 0.120

Elev 39.70
(0.000)

8.30 0.09
(0.002)

0.03 66.58 0.031 0.002

Slope 63.89
(0.000)

8.92 -0.06
(0.901)

0.50 67.63 0.000 0.901

Bandi 155.57
(0.005)

54.81 -1.47
(0.091)

0.87 67.32 0.009 0.091

Band2 111.63
(0.000)

27.58 -2.14
(0.075)

1.20 67.29 0.010 0.075

Band3 96.93
(0.000)

17.05 -1.91
(0.041)

0.93 67.18 0.013 0.041

Band4 90.20
(0.000)

12.69 -0.32
(0.025)

0.14 67.08 0.016 0.025

Band5 90.23
(0.000)

11.02 -0.61
(0.009)

0.23 66.88 0.022 0.009

Band? 85.89
(0.000)

8.41 -1.92
(0.002)

0.63 66.63 0.029 0.002

Cap4 105.65
(0.000)

16.47 -0.40
(0.008)

0.15 66.87 0.022 0.008

Cap2 75.13
(0.000)

7.36 -0.39
(0.053)

0.20 67.22 0.012 0.053

Cap3 54.69
(0.000)

6.49 0.70
(0.119)

0.45 67.37 0.008 0.119

Ratioi 90.41
(0.000)

15.39 -5.66
(0.066)

3.07 67.26 0.011 0.066

Ratio2 77.65
(0.000)

14.32 -27.80
(0.285)

25.98 67.51 0.004 0.285

Ratio3 30.40
(0.101)

18.50 8.18
(0.074)

4.56 67.28 0.010 0.074

Note: the p-values in parenthesis are for testing the hypothesis Ho : A = 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
/% -31.7014 103.4530 -0.3064 0.7595

Asp 0.0228 0.0561 0.4070 0.6843
Asps;n 19.0961 8.7432 2.1841 0.0297
Aspcos -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

Bandi 2.3705 1.8714 1.2667 0.2062
Band2 4.7956 3.5142 1.3646 0.1734
Banda -7.4251 3.4827 -2.1320 0.0338
Band4 0.6408 0.8583 0.7465 0.4559
Bands -0.3160 1.1467 -0.2755 0.7831
Band7 -1.1296 2.0538 -0.5500 0.5827
Ratioi -22.8735 11.5537 -1.9798 0.0487
Ratio2 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 (s i,s2) for M

coef
Model (7.1)(a) 
std.err t.stat p. value

A> 100.3716 18.1237 5.5382 0.0000
Aspsin 15.9520 5.5519 2.8733 0.0043

Elev 0.0791 0.0270 2.9271 0.0037
Band7 -1.8865 0.6421 -2.9378 0.0036
Ratioi -7.2562 3.0840 -2.3529 0.0193

Model (7.1)(b)
coef std.err t.stat p.value

A) 118.0681 19.9142 5.9288 0.0000
Sl -3.1036 1.2624 -2.4584 0.0145
s2 0.2436 0.2162 1.1266 0.2608

Aspsin 16.3367 5.5189 2.9601 0.0033
Elev 0.1076 0.0307 3.5078 0.0005

Band7 -2.1074 0.6445 -3.2700 0.0012
Ratioi -6.4505 3.0863 -2.0900 0.0374

Model (7.1)(c)
coef std.err t.stat p. value

0 128.6107 27.1364 4.7394 0.0000
■Si -4.1365 2.2023 -1.8782 0.0613
S2 -0.1342 0.6943 -0.1932 0.8469

S\S2 0.0311 0.0543 0.5726 0.5673
Aspsin 16.2637 5.5264 2.9429 0.0035

Elev 0.1067 0.0308 3.4690 0.0006
Band7 -2.1552 0.6505 -3.3129 0.0010
Ratioi -6.0559 3.1657 -1.9130 0.0567

T h e  t  s t a t i s t i c  is for t e s t in g  if t h e  coefficient is ze ro  a n d  t h e  tw o  s ided  p-va,lne is 
for t h e  t  s ta t i s t i c .
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Table 7.13: Model selection criteria for all 3 types of competing models for M:

RMSE AIC BIC AICC
ICY 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) 72.48 NA NA NA
Model (7.6) 62.19 3486.23 3498.56 3486.43

M odel (7 .1 )(a ): th e  m odel (7 .1) w ith  p re d ic to rs  /30 ( in te rc e p t) , A sp 58n, E lev , B andy , 

a n d  R a t io i .
M odel (7 .1 )(b ) : th e  m odel (7 .1) w ith  p re d ic to rs  /3q ( in te rc e p t) , A sp stn , E lev , B andy , 

R a t io i ,  a n d  lo c a tio n  c o o rd in a te s  s i ,  S2 -
M odel (7 .1 )(c): th e  m odel (7 .1) w ith  p re d ic to rs  j3G ( in te rc e p t) , A sp S8ra, E lev , B andy , 

R a t io i ,  lo c a tio n  c o o rd in a te s  s l5 s 2 , s i X S2 -
M odel (7 .5 )(a ): th e  m odel (7 .5 ), i.e. m o s t s im ila r n e ig h b o r m odel w ith  all p re d ic to rs  
M odel (7 .5) (b ): th e  m odel (7 .5 ), i.e. m o s t s im ila r n e ig h b o r m odel w ith  all p re d ic to rs  
an d  lo c a tio n  c o o rd in a te s  s i ,  «2 -
M odel (7.5) (c): th e  m odel (7 .5 ), i.e. m o st s im ila r n e ig h b o r m odel w ith  all p re d ic to rs , 
lo ca tio n  c o o rd in a te s  s i ,  s?, sy x  «2 -
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8. PREDICTIONS FOR NON-SAM PLED 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 A x A: matrix (N  > k) of known fixed numbers; let (3 be a 

k X  1 vector of unknown parameters; let e be an N  X  1 unobservable vector of 

random variables, where £[e\ = 0 and Cov[e]= E; let these quantities be related

by

Y = X*/3 + s ,

where X* = (X ^),. . .  , 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: e is 

distributed normally with mean zero and covariance matrix a 2 I, where a 2 > 0 

is unknown, that is, e is distributed 1V(0,<t2I). Let /3 and a 2 be the UMVU 

estimators of (3 and a 2, respectively,. Let X0 be a vector in domain D of /i(X0). 

A 1 — a  prediction interval for Y o, the mean of I future observations selected at 

random from the normal distribution with mean /i(X0) = /TX0 and variance a 2 

is given by

/5'X0 — ha/ < Y 0 < /3;Xo + haj2<3

where

h-a/2 — t a / 2 , N - k - l + X qS'T X,
1 / 2

(8.1)

(8 .2)

and S *  — X(,X*. When I =  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 = X/3 + £ (see 7.1) 

where X = (1,X*), and so a 1 — a  prediction interval for YSQ<girn at non-sampled 

plot location So, is given by

/?'Xo ha/ A  YS0:gim < /?'Xo + ha/2cr (8.3)

where the subscript glm  in YS0:gim indicates the prediction using the general linear 

model.

ha/2 = t a / 2 , N - k - l  (l + X 'A -'X o)'72 , (8.4)

where Xo is a vector of covariate observations at location So, and S  — X'X.

For the simple linear model, Y{ = (30 + j3iX{ + £,-,« = 1 ,... , X,

X

1 X \  
1 X 2

1 XjV
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s X X
N L ,-= i*.■

E i= i x i E f= i

Thus

x'0S  *x0

= 1 x 0 ■vN

e ! I i  x2i - E f =1* r i

-  E i l i  *.■ N  . . x ° .

i (x -  x 0y

N  J2(Xi ~  XY

And, hence a 1 — a  prediction interval for YSOtSim at non-sampled plot location So, 

is given by

A) + Ylx O — f«/2,jV-2dAi < YSQ}Sim < 00 + Plx O + taj2,N-2^A\ (8,5)

where the subscript s lm  in YS0}Sim indicates the prediction using the simple linear 

model, and A \  is defined as:

1 (x -  x 0)2
A i  =  1 + +n  J2(x i -  x Y

For a general linear model, the standard deviation of the prediction error 

for the prediction YSo,gim °f YSo given a specific value of Xo at non-sampled plot 

location So is

& Y , p , g l m  — ® (l T X 0S  Xo)-1y T / 2 (8 .6)

where <r2 is the estimated standard deviation of the random error g,-. ay p gim is 

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

„ L 1 (x — x 0)2 
&Y, p, s l m  —  \  A  TN  J2(Xi ~  XY
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8.2 Predictions and Prediction Intervals Using the MSN Procedure

The predicted value by the MSN procedure is = yy when A j is minimized 

at j  = j ' .  The similarity is defined by the similarity function

(See7.5) A ,  = (X,- -  X ^ G A ^ X ,- -  X,)', i , j  = 1, . . .  , iV,

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 (Ms), total numbers of live trees (Lt),

Lt of seedlings (Lts), total basal area (Tba), Tba of seedlings (Lts), and X; = 

i.e. Aspect, Elevation, Slope, TM bands 1-5 and 7 at plot i.

Then a data based predictor from the MSN procedure is denoted as YS0) msn 

at location s0- The prediction error of YSOi msn is hard to derive because there 

is no explicit closed form, so a simulation is conducted to obtain the prediction 

error.

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 II” model, given by

(Nee 7.6) Y = fi + B e

= X/3 + B e

where Y = (Yu . . .  , YN)', X = (1, X « , .. .  , X ^ )', T = I + Pl U  + p2 V  + p3 + 

P4_ C ^  = B 'B ,  e ~  MVN(0, a 2 I). Since this T 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 rew ritten as

Y  =  X/3 +  S (8.8)

where S(.) is a zero-mean finite-variance error process that is spatially correlated 

and Var[<$] = a 2Y = E where T = (p ijYj-i-

Then for known (3 and T, an optimal predictor is the simple kriging predictor 

(Cressie, 1993)

Yso,srm = XoP + c ' Z - ' i Y - X P )  (8.9)

aY,  p,  s r m = a 2 -  c 'E _1c + (X0 -  X ,E_1c),(X /E_1X )_1

( X o - X ' E ~xc) ( 8 . 1 0 )

where the subscript srm  in YS0:Srm indicates the prediction using a spatial regres­

sion model, and c=  cr2(poi, ■ ■ ■ , P o n ) ' -

Then a data based predictor is given by (Cressie, 1993)

Y S0 , s r m  =  X o 3  +  C , E " 1 ( Y - X 3 )  ( 8 . 1 1 )

where the generalized least squares estimator of j3 is

3  = (X 'S ^ X ^ X 'S -1!" (8.12)

and the estimated mean-squared prediction error is

=  5I - a ' s - 1c + ( J f , - r s - ’c ) ' ( V r ,f l - 1

(V„ -  X ' % - lc) (8.13)

Thus a 1 — a  prediction interval for YSOtSrm at non-sampled plot location «o5 is

given by

^ Y s q  , s r m  -  2 l  — a>j2&Y, p ,  s r m  i ^ s o } s r m  +  Z \ ~ a j 2 ^ Y ,  p,  s r m  )  (8-14)
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under the assumption that Y(-) is Gaussian.

To estimate the covariance matrix S for 6, we use the least squares method 

to get the estimated (3LS of /3, and then calculate 5 =  Y - ~Kf3LS. Then we fit the 

autocorrelation function to the sample correlation among S. The autocorrelation 

functions we consider are listed as follows:

( ! )  #>«(<*) =  e.Tp(-0<i‘ ), 6 , k >  0,

(2) P,1(S) = (i + e ^ ) ( - “\ o , k > a .

We use least squares and weighted least squares methods in finding the parameters 

0 and k that minimize

N ( d )  { p * ( d )  -  P ( d ) } 2 (8 .15)
” d ”

for lag distance d and N ( d ) is the number of pairs of observations with lag distance 

d. The estimates 6 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 S of Tba 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(S) = exp(—Od^j), 0 ,k  > 0 for Tba fitting. 

Figure 8.6 shows autocorrelation model fitting for S of Lt. The autocorrelation 

function (1), pij(S) = exp(—0dl-j), 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 S of M with either weighted or unweighted 

least squares methods, so here too, we only use the autocorrelation function (1), 

Pij(S) = exp(—0d^)^ 0 ,k  > 0.

Finally, we plug S _1 into Eqn. (8.12) to get the generalized least squares 

estimate of (3.
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8.4 B ootstrap  M eth o d s  and Sim ulations

8.4.1 B oots trap  m eth od s

In this section, we use two different ways of bootstrapping the models de­

scribed earlier: a simple bootstrap (i.e. bootstrapping pairs (y,-, W)) 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*=(e*, . . .  , e^) from {ei , . . .  , £jv}, and then the bootstrap responses y* are 

generated according to a specific model. For example, for a simple linear regression 

model,

Hi — Xifl + e*, i = 1,2, . . .  , IV. (8.16)

The predicted value by the MSN procedure is fa = yjt when Dij is minimized 

at j  = j ', and so the residual ii  is obtained by y — fa. The MSN procedure focuses 

on the similarity function to predict via the value at plot j '  with the nearest Dij 

distance to plot i 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

(.See7 .6 ) Y  =  X(3 -f- Be
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where Y = (Yu . . .  ,Yv)\  X = ( 1 , X « , . . .  T = (p„)"=1 = B 'B ,  e ~

M V N ( 0 ,  tr2 I ) .

For each bootstrap sample £*, transformation back to the yt is calculated by

Y* = X/3 + Be.

8.4.2 Sim ulations

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 Tba we obtained in Chapter 7 is Y = 86.31 +

11.05 Asp5 — 0.35Band4 + £;, where e=(£i , . . .  , £jv+6) is MVN(0, (22.68)21). The 

simulation procedure is

(1) Generate £*, a realization of size (N  + 6) from MNV(0, (22.68)21).

(2) Since the covariates are known numbers and we have the estimates, 0Q =

85.71, (3\ = 11.01, 02 — —0.34, and 0s, the generated realization from model 

7.1 is

Y* = 85.71 T 11.01 Asps — 0.34Band4 -j- £*, * = 1, . . .  , iV + 6

(3) Repeat steps 1 and 2 until b = 1,000 realizations of Y* are obtained.

Put the (N+l)-th, . . .  , (N+6)-th aside, use the prediction rules of the general lin­

ear model and the MSN procedure based on the generated values at plot locations 

Si , ...  , stv, where N  = 312. For each realization, we have a pair of simulated and 

predicted values, say (?/*, yi,gim), i = N  + 1,. . . , N  4- 6, i.e. for non-sampled plots 

1-6. Figure 8.4 presents the histograms of (y*,yi,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 e*, a realization of size (IV + 6) from MNV(0,1).

(2) Calculate the values of S* by

S* = aBe*

„ * /  ' r \  N + 6
where T = B ' B  = (exp(—9d^) \  with 6 = 0.0016, k = 0.87 estimated 

V / i,j=1
from Tba data.

(3) Since the covariates are known numbers and we have the estimates, (3q =

85.71, /5i = 11.01, $ 2  = —0.34, and /?3, the realization from model 7.6 is

Y* = 85.71 + 11.01 Asps — 0.34 Band4 + 5*, 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 R esu lts

Table 8.1 summarizes the Tba bootstrapped predictions using YSOtgim and 

YSo,srm at the selected 6 non-sampled plots. The plug-in estimates are obtained 

by substituting the N  observations into the equations of YS0t9im and YS0)Srm; then 

Y S0,gim and Y So,srm are the averages of 1,000 bootstrapped YS0)fl(m and YSo,srm, 

respectively. From Table 8.1, we note than the plug-in estimates OY,v,srm are 

smaller than but the plug-in estimates YSOtgim are not alway smaller than

Fs0> srm ■ The plug-in estimates, YSOtSrm, for plots 1 and 4 are quite different from 

y so,gim■ The values from the first term in Eqn. (8.11) for plots 1 and 4 are very 

close t o  t h e  p lu g - in  e s t im a te s  K,0,s(m5 b u t  t h e  values  from th e  seco n d  t e r m  of

YS0}Srm, S _1(Y — X/3),  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 X 0/3 is 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 YSOtSrm of YSo can be 

rewritten as:

'2________ ±.2 , ±.2 v /  r»—1-y
Y , p , g l m  s r m  ' s r m  0 ^  0

= T n  + T 12

a Y, p, s r m <r2 -  c Yj~1c + (X 0 -  X'Yj~1c)'(X'Yj~1 X ) ~ l

( X o - X ' ^ c )

= T-21 — T2 2 + T 23-

For each plot, the values of T n  are very close to those of T2i and the values of Tj2 

are very close to those of T23, so the additional term T22 is the major contributor 

to the reduced value ?yiPiSrm. The values of T22 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 5, the plug-in mean-squared 

prediction errors (m.s.p.e.) of YSOtSrm are smaller than those of the predictors in 

Chapter 5 (338 vs. 587).

When the simple bootstrap method is used, the estimates dy)P>5;m are slightly 

bigger than the estimates cry,-p,srm- The opposite results occur when we use the 

semiparametric bootstrap method. Figures 8.2 and 8.3 present the histograms 

of bootstrapped Tba 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 Tba 

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 YSa,gim and YSo,msn from the generated 

model 7.1:

Y* = 85.71 + 11.01 Asps — 0.34Band4 + e*, i = 1, . . .  , IV + 6

where e=(e i , . . .  , £n +6) is MVN(0, (22.68)21).

From Table 8.2, we can see that rYrYs7e.{YSOtmsnys  at each plot are approxi­

mately 50% larger than rYrYsje.(YSô gim) . Table 8.3 compares the MSN predictions 

and spatial regression predictions, based on the generated simple regression model 

with realizations similar to Tba data. The estimated prediction errors for predic­

tions YSotarm at plots 2, 3, and 5 are about 50% smaller than those for YS0}Tnsn.

Table 8.3 shows the comparison of YSOtSrm and YSo,msn from the generated 

model 7.1:

Y* = 86.31 + 11.05 Asps — 0.35 Band4 + 8i,i = 1, . . .  , N,  N  + 1, . . .  , IV + 6 

where £=(5i , . . .  , 8n , <hv+i, • ■ • , <hv+6) is MVN(0, (22.68)2 f ), and f  = B 'B=(exp

(-o.ooiedO:87) ) ^ .

In summary, YSOjSrm 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 Tba data of ”Phase II” Model 7.6^

o

00
o L . S  F i t t i n g  ( 1 )  w i t h  k =  0 . 7 6  a n d  t h e t a =  0 . 0 0 3 8  

W . L . S  F i t t i n g  ( 1 )  w i t h  k =  0 . 8 7  a n d  t h e t a =  0 . 0 0 1 6  

L . S  F i t t in g  ( 2 )  w i t h  k =  0 .1  a n d  t h e t a =  1 9 6 0 2 . 9 8 1 2  

W . L . S  F i t t i n g  ( 2 )  w i t h  k =  0 .1 1  a n d  t h e t a =  1 6 6 9 8 . 9 9 4

CO
o

■'fr
o

CM
o

o
o

4 0 0 0 8 0 0 00 2000 6 0 0 0 10000 12000

distance (m)

ij
( 1 )  p i j { 8 )  =  e x p ( - 9 d ^ ) ,  9 , k  >  0,

( 2 )  p i j (S)  =  ( i  +  edf j ) ( ~ k\ e , k > o .

304

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



Table 8.1: The Tba predictions at the selected 6 non-sampled plot locations from
1,000 bootstrapped samples

A v erag e  o f 1,000 B o o ts tra p p e d  E s tim a te s
P lu g -in S im ple S e m ip a ra m e tr ic

E s t im a te s 1! B o o ts tr a p B o o ts tr a p

p lo t Y SOtg l m y1 so , s r m T s 0 , glm y1 5 o , s r m Y  s0 , g lm Y1 5o , s r m

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)

P lu g -in S im ple S e m ip a ra m e tr ic
E s t im a te s 1! B o o ts tr a p B o o ts tr a p

p lo t &Y, p, g lm &Y, p, s r m ® Y , p , g l m &Y, p, s r m &Y, p, g l m ®Y, p, s r m
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)
5 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)

0  The plug-in estim ates for a y , p ,  g l m  and & Y , p , s r m  are calculated by plugging the N  observations 
into the Eqns. (8.6) and (8.13) and the estim ated  a,- based on the N  observations. Also, the 
sam ple standard  deviations of Y SOt  g i m , Y , a t S r m , < T Y l P , g i m ,  and <ryiPi srm are listed in parentheses.
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Figure 8.2: 1,000 bootstrapped predictions of Tba from model 7.1 at 6 non-sample
plots ^
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(b) using the semiparametric bootstrap method 

1J The six non-sam ple 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
plots d

-■Bill
30 35 -4-0

plot "

II. -llllll

linn
50 55 5-4- 56 60 62

IIIJ
3-4 35 36 36 39 -40

plot 3
25 30 35 -40 -45 SO

plot -4

flh»
2-4 25 26 27

plot 5
-42 -4-4 -46 -46 50 52 5-4

plot 6

(a) using the simple bootstrap method

E lu ll

.ilk

I i
(b) using the semiparametric bootstrap method 

d The six non-sam ple plot locations are depicted in Figure 5.4
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Table 8.2: Comparison of predictors TS0)5/m and TSo,ms„ for 6 non-sampled plots1-!
based on 1,000 Tba realization from general linear model 7.12-!

plot YSo,glm Y1 so, rasn Y,p, glm Y, p, msn

1 mean 55.28 56.52 22.64 NA3J
s.e. 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

5 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

(a). The means and s.e.’s of 1,000 estimates YSo>gim, YSo,msn, and aY,p,gim in
Eqn. (8.6)

plot v .m.s.e.(YSo i gim) rhmsTe.(ys0imsn)
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

(b). rTiGre.(y;) = ^ -  y I n +1)2,

where Y ^ N + i , i — 1, . . .  ,6 denote the prediction at non-sampled plot i using 
the MSN predictions and the GLM predictions based on the generated values at 
sampled plots, 1,..  . , N  = 312 from the bth generated realization of size (A + 6), 
and Yg N+i denotes the bth generated values at non-sampled plot i.

 ̂ Six non-sample plot locations are depicted in Figure 5.4.
2J The generated m o d e l: Y ,  =  86.31 +  11.05 A sp s—0.35 B and4+£;, i  =  1 , . . .  , N,  1V+1, . . .  , N + 6, 

where e = { e u . . .  , e N + 6 )  is M VN(0, (22.68)2 1).
3J ”NA” indicates the fum ula of m .s.p.e. of Y S O t m s n  is not extractable.
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Figure 8.4: 1,000 predictions of Tba from 1,000 generated realizations of model
7.1 ^ a t  6 non-sampled plots 2J
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(b) the Tba predictions using model 7.1 at 6 non-sampled plots
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(c) the Tba predictions using MSN at 6 non-sampled plots

d The generated m o d e l: Y {  =  86.31 +  11.05 A sp s—0.35 B and4+£,-, i  =  1 , . . .  , N ,  N + 1, 

where e = ( £i , . . .  , £ n +&)  i s  M VN(0, (22.68)2 1 ) .

2J Six non-sam ple plot locations are depicted in Figure 5.4.
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Table 8.3: Comparison of predictors YSOtSrm and YSOt,msn at 6 non-sampled plots1-!
based on 1,000 Tba realization from spatial regression model 7.62-l

plot Y1 s o , s r m Y1 sq , m s n dpY , p,  s r m dpY  , p,  m s n

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 YS0:Srm, YSo,msn, and o-f,p,srm 111
Eqn. (8.13)

plot rAn7s7e.(YSOjSrm) rmTsTe.(ys0imsn)
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

where Y ^ N+i, i = 1, . . .  ,6 denote the prediction at non-sampled plot i using 
the MSN predictions and the SRM predictions based on the generated values at 
sampled plots, 1,..  . , N  = 312 from the bth generated realization of size (N  + 6), 
and Yg N+i denotes the bth generated values at non-sampled plot i.

1-l Six non-sample plot locations are depicted in Figure 5.4.
2J The generated m o d e l: Yi =  86.31 +  11.05 A sp s—0.35 Band4+<1,-, i  =  1 , . . .  , N ,  1V +1,. . . , N + 6, 

where S=(SU . . .  ,SN+6) is M VN(0, (22.68)2 f ), and t  = B ' B  = (expi-O.OOUd^j87) ) ^ ^  31 

”NA” indicates the  fum ula of m .s.p.e. of Y S O i m s n  is not extractable.
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Figure 8.5: 1,000 predictions of Tba from 1,000 generated realizations of model
7.6 hi at 6 non-sampled plots 2-l
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(b) the Tba 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

d  The generated m o d e l: Y i  =  86.31 +  11-05 A sp s—0.35 B and4+<i!-, * =  1, • • • , N ,  N + l ,  

where <S=(<1,. . .  , djv+6) is M VN(0, <+2T ).
21 Six non-sam ple p lo t 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 7.61-!
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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

Estimates1! Bootstrap Bootstrap

plot Y So, g l m Y1 s o , s r m Y  s0 , g l m Y1 so, s r m Y  so, g lm y1 so, s r m

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
Estimates1! Bootstrap Bootstrap

plot &Y, p, g l m &Y, p, s r m a Y, p , g l m ®Y,  p, s r m &Y, p, g l m ^ Y ,  p, s r m

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

11 The plug-in estim ates for o y tPi gim and <7y,P,srm are calculated by plugging the N  observations 
into the Eqns. (8.6) and (8.13) and the estim ated a* based on the N  observations. Also, the 
sam ple standard  deviations of YSo>gim , YSOiSrm, &Y,p,gim> and ay,p,srm are listed in parentheses.
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Table 8.5: Comparison of predictors YSOtgim and YSOyTnsn at 6 non-sampled plots1!
based on 1,000 Lt realization from general linear model 7.12!

plot Ls 0 , gl m Y1 so , m s n Y , p ,  g l m Y , p, m s n

1 mean 310.64 308.73 265.68 NA3!
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 YSOtgim, Ys0,msn, and ^Y,P,gim in
Eqn. (8.6)

plot r.m.s.e.(YSOtgim) r.m.s.e.(YSo j m S n )

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).rTOTe.(f;) = y j ^  E!=i°°(^5jv+.- “  Y } , N + i ) 2

where Y£ N+i, i = 1, . . .  ,6 denote the prediction at non-sampled plot i using 
the MSN predictions and the GLM predictions based on the generated values at 
sampled plots, 1,. . . , N  — 312 from the bth generated realization of size (/V + 6), 
and Yg N+i denotes the bth generated values at non-sampled plot i.

J! Six non-sample plot locations are depicted in Figure 5.4.
2J The generated m odel : Yi =  184.37 +  37.63 R atio i +  e,-, i  =  1 , . . .  , N ,  N  +  1 , . . .  , N  +  6, where 
e = ( e i , . . .  , eN+6) is M VN(0, (265.64)2 1).

3J ”NA” indicates the fum ula of m .s.p.e. of Y„0).mjn is not extractable.
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Figure 8.7: 1,000 predictions of Lt from 1,000 generated realizations of model 7.1
hi at 6 non-sampled plots 2J
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(b) the Lt predictions using model 7.1 at 6 non-sampled plots
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(c) the Lt predictions using MSN at 6 non-sampled plots

L The generated m odel : Y i  =  184.37 +  37.63 R atio i +  e,-, i  —  1 , . . .  , N ,  N  +  1 , . . .  , N  +  6 ,  where 
e = ( s i , . . .  ,£ N+6) is M VN(0, (265.64)2 I).
21 Six non-sam ple plot locations are depicted in Figure 5.4.
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Table 8.6: Comparison of predictors YSOjSrm and YS0:msn at 6 non-sampled plots1-!
based on 1,000 Lt realization from spatial regression model 7.62-!

plot Y1 so , s r m Y1 so, m s n doY , p, s r m doY , p, m s n

1 mean 317.40 304.79 252.85 NA3J
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.e. 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 Y SOtSrm, Y SOtmsnj and er f ,P, s r m  in

Eqn. (8.13)

plot r .m .s .6.(YSo ̂srm') r ,m.s . e . (YSo f 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

( b ) . K f O r e . ( y ; )  =  y j E l = i ° ( Y pb, N+i  ~  Y g ,N + i?

where Y£  N + i , i =  1, . . .  ,6  denote the prediction at non-sampled plot i using 
the MSN predictions and the SRM predictions based on the generated values at 
sampled plots, 1 , . . . , N  =  312  from the bth generated realization of size (IV +  6 ),
and Yg N+i denotes the bth generated values at non-sampled plot i.

^ Six non-sample plot locations are depicted in Figure 5.4.
2J The generated m odel : Y i  —  184.37 +  37.63 R atio i +  Jj, i  =  1 , . . .  , N ,  N  +  1 , . . .  , N  +  6, where
3 = (< L ,. . .  , S N + 6 )  is M VN(0, (265.64)2 f ) ,  and f  =  B ' B = ( e x p { - l . m M ° i 0 9 ) ) N + ^

J  I  , J  — 1

3J ”NA” indicates the fum ula of m .s.p.e. of YS0)'mjn is not extractable.
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Figure 8.8: 1,000 predictions of Lt from 1,000 generated realizations of model 7.6
b a t 6 non-sampled plots 2J
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(a) the simulated data at 6 non-sampled plots

1 |

(b) the Lt predictions using model 7.6 at 6 non-sampled plots
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(c) t h e  Lt predictions using MSN at 6 non-sampled plots

L The generated model : Y i  —  184.37 +  37.63 R atio i +  S i ,  i  =  1 , . . .  , N ,  N  +  1 , . . .  , N  +  6, where 
a = ( * , . . .  , w > )  i s M V N ( o , d 2r).
2J Six non-sam ple 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 II” Model 7.61-!
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Table 8.7: The M predictions at the selected 6 non-sampled plot locations from
1,000 bootstrapped samples

A v erag e  o f 1,000 B o o ts tra p p e d  E s tim a te s
P lu g -in S im ple S e m ip a ra m e tr ic

E s t im a te s 1! B o o ts tr a p B o o ts tr a p

p lo t Y So,glm Y1 so, srm T So , glm Y1 sq, srm Y  s0,glm y1 so, 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) (2.95) (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)
5 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)

P lu g -in Sim ple S e m ip a ra m e tr ic
E s t im a te s 1! B o o ts tr a p B o o ts tr a p

p lo t ° Y , p,glm &Y, p, srm p, glm ®Y, p, srm &Y, p, glm ®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)

d  The plug-in estim ates for ixyiPiS/m and <xylPiSrm are calculated by plugging the N  observations 
into the Eqns. (8.6) and (8.13) and the estim ated  a, based on the N  observations. Also, the 
sam ple standard  deviations o i Y SOigim , Y s0, Srm, &Y,p,gim,  and 5 y )PiSrm 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
plots d
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d  Six non-sam ple 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
plots 1-l
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b  Six non-sam ple plot locations are depicted in Figure 5.4
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Table 8.8: Comparison of predictors YSOigim and YSOjTnsn at 6 non-sampled plots1-!
based on 1,000 M realization from general linear model 7.12-!

plot Y So,glm Y1 so , msn Y,p,glm Y , p, msn

1 mean 95.35 95.50 65.04 NA3-1
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 85.65 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 Y So,gim , Y SOtTnsn, and ^ Y ,p ,aim in
Eqn. (8.6)

plot r7rrYs7e.(YSOtgim ) r .m .s . e . (YSo j 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

(b ).rdO T e.(y ;) =  y j ^  E!=i°0(^?,jv+,- ~  Y g , N + i )2

where Y £ N+i: i =  1 , . . .  ,6  denote the prediction at non-sampled plot i using 
the MSN predictions and the GLM predictions based on the generated values at 
sampled plots, 1, . . . , N  =  312 from the bth generated realization of size (IV -1-6),
and Yg N+i denotes the bth generated values at non-sampled plot i.

L Six non-sample plot locations are depicted in Figure 5.4.
2J The generated m odel : Y j  =  100.37 +  0.08 Elev — 1.87, Bandy -| 7 .2 6 R atio i -1- i  =
1 , . . .  , N ,  N  +  1 , . . .  , N  +  6, where e = ( s 1 , . . .  , s n + 6) is M VN(0, (64.97)2 I).

3J ”NA” indicates the fum ula of m .s.p.e. of Y S o . m s n  is not extractable.
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Figure 8.12: 1,000 predictions of M from 1,000 generated realizations of model 7.1
^ a t  6 non-sampled plots
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(c) the M predictions using MSN at 6 non-sampled plots

1J The generated model : Yi =  100.37 +  0.08 Elev — 1.87,Band7 H 7 .2 6 R atio i +  i

1, . . .  , N , N  + 1 , . . .  , N  + 6, where e = ( £ ! , . . .  , eN+e) is M VN(0, (64.97)2 I).
2J Six non-sam ple plot locations are depicted in Figure 5.4.
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Table 8.9: Comparison of predictors YSOtSrm and YS0:msn at 6 non-sampled plots1-!
based on 1,000 M realization from spatial regression model 7.62-!

plot Y1 s o , s r m
y1 s o  5 m s n dpY , p ,  s r m dpY , p ,  m s n

1 mean 80.31 101.47 60.30 NA3J
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 estim ates Y SOtSrm, Y SOtmsn, and a ^  p srm in
Eqn. (8.13)

plot r'YrYs7e.(YSOiSrm) rjrYs7e.(YS0!Tnsn)
1 56.20 82.29
2 52.07 87.20
3 51.91 77.97
4 56.89 85.33
5 54.26 82.00
6 57.96 81.69

(b).r^re.(f;) = ^ t m EL7(K‘n+, - K , nh)'‘

where Y £ N+i, i =  1 , . . .  ,6 denote the prediction at non-sampled plot i using 
the MSN predictions and the SRM predictions based on the generated values at 
sampled plots, 1 , . . .  , N  =  312 from the bth generated realization of size ( N  +  6),
and N+i denotes the bth generated values at non-sampled plot i.

b Six non-sample plot locations are depicted in Figure 5.4.
2J The generated model : Y i  =  100.37 +  0.08 Elev — 1.87, B and7 -| 7 .2 6 R atio i +  e , i  —

1, . . .  , N ,  N  +  1 , . . .  , N  +  6, where e = ( e i , . . .  , £ n + 6 )  is M VN(0, <x2 f ) ,  and f  =  B 1 B  =
(e*p(—O.OOOSdij14) ) ^

3J ”NA” indicates the fum ula of m .s.p.e. of Y S O t m s n  is not extractable.

324

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



Figure 8.13: 1,000 predictions of from 1,000 generated M realizations of model 7.6
^ a t 6 non-sampled plots

■In
i - t
-| OO 200

jHL
O -| OO 2

.iidiliii
(a) the simulated data at 6 non-sampled plots

1
to m
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(c) the M predictions using MSN at 6 non-sampled plots

b  The generated m o d e l: Yj =  86.31 +  11.05 A sps —0.35 B and4+<h, i  =  1 , . . .  , N , N + 1,. 
where S = ( 6 , , S N + 6 )  is M VN(0, <r2 f ).
2J Six non-sam ple plot locations are depicted in Figure 5.4.
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9. C O N C L U SIO N S A N D  F U R T H E R  R E S E A R C H

We selected the response variables M, Ms, Lt, Lts, Tba, and T bas 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 estim ation 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 tha t 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 D iscussion

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.

C hapter 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 Tba. Appropriate transformations to norm ality are sometimes 

plausible and are considered, but with many zeros transformations to normality 

are not possible. Models th a t accommodate the many zeros are introduced in 

Chapter 6.

In Chapter 5, linear combinations of the observations and distance-based 

correlation fu n c t io n s  w ere  u s e d  to  s tu d y  p re d ic t io n s .  O n ly  c o r re la t io n  fu n c t io n s  

that were positive and decreased with increasing distance were studied. The direct 

predictor Y Sq (see Eqn. 5.20) is based on fitting a specific function to the sample 

correlations. The direct predictor Y Sq doesn’t assume that M(.) follows a Gaussian 

process.
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Since most of our data  are not normally distributed, several transformations 

to norm ality were tried. The 3-parameter lognormal transform ation worked rea­

sonably well for m ortality (M), number of live trees (Lt), and to tal 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 

Z 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 tha t does the transforming.

For plot data, we used 1-fold cross validation for 33 plots th a t 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 (IV — 1) =  311 

observations to predict the individual response at the withheld plot. Among 

the predictors, direct, indirect, ’’plain” back-transformed, ’’approxim ately” unbi­

ased back-transformed, and ’’unbiased” back-transformed predictors, the smallest 

prediction error belonged to the direct predictor, Y So. But there is only slight 

improvement in the overall estim ated RMSEs using those predictors over using 

just the sample mean as the predictor. Those predictions 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 estim ated 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 prim ary 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 

live 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 th a t 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 VSo, it is unnecessary to make transformations. For prediction purposes, 

the simple predictor Y 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 Tba and Lt data, but quite different for M data. 

The M predictions ranged from 14.16 to 136.13 by the direct predictor Y So.

Another goal of this study is to determine reliable approaches for error es­

tim ation 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 P re d ic tio n  e rro r  e s tim a tio n  for an  ind iv idual p lo t p red ic tio n

Prediction error estim ation 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 m ethod is 

suggested, or,

(b) if not, the simple bootstrap m ethod 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 estim ate the prediction error by the estim ator

r . m . s . e • « ) \
1,000

( V b — Y b d 21 V ' t i , b
1.000 

6̂=1

where N+i denote the prediction at non-sampled plot i, i — 1 , . . .  , AP, 

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 bth generated realization of size ( N  +  N ' ) ,  and Y ^  N+i denotes the 

bth generated values at non-sampled plot i.

There is an closed form for prediction error of the predictor YSo. 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 th a t 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 th a t 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 /x=X  (3 

where X  is an N  x (k  +  1) m atrix and (3 is a ( k  +  l)-dimensional vector of regres­

sion param eters, (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 estim ated 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 Tba 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 a  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 Tba, Lt, and M data were conducted. The 

rTmsTe.(y)()’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. W ith lim itation 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 estim ated overall RMSEs, 

but did reduce m.s.p.e. of the prediction errors for individual plots. Y So, Srm  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 Y So,srm are smaller than those of the predictors in Chapter 5 (338 vs. 

587).

9.2 C onclusions

(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 th a t for Tba (which has

a low percentage of zero outcomes) the estim ated MSE based on the best 

predictor, 400.15 is much smaller than the smallest one in Chapter 5, 578.65. 

The estim ated RMSEs of Lts, Ms, and T bas 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 estim ates of the param eters 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 ’’approxim ately” 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 m ultivariate 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 th a t for prediction purposes, a simple 

model th a t 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 estim ated neighboring 

correlations. These simple predictors have an analytical formula for the predic­

tion errors and these too can be estim ated using the estim ated correlations. These 

predictors work for any of the response variables Tba, Lt, and M.

We did find th a t certain auxiliary data was useful in reducing prediction 

errors for Tba. 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 [d2(l +  ^ )] , 

which is estim ated to be 24.38. The estim ated 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 estim ated 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 [<r2(l +  ^ )] =  269.76. Our respective estim ated 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 estim ated prediction errors range from 52.71 to 52.76 without 

auxiliary data. The estim ated prediction errors using auxiliary data ranged from 

53.19 to 54.08., so for M, auxiliary data provides no improvement in prediction.

9.3 F u tu re  R esearch

This dissertation has revealed many more questions th a t 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 param eters and could be further investigated.

9.3.1 S patia l m odel cross-validation

McQuarrie and Tsai (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 th a t there 

exists a constant / such tha t y{ and j/j are approximately independent for | i —j  |>  I. 

The univariate autoregressive cross-validation could withhold ± / additional ob­

servations around the observation withheld, i.e. when withholding y t we should 

withhold the block j/t_ i , . . .  , y t , . . .  , y t+1.

We could explore spatial model cross-validation by the following procedure; 

that is withholding the observation yt-, plus additional observations falling within 

neighborhood Ar/l(f), where N h ( i )  is the set of the distance for all observations 

yj  smaller than the neighborhood distance h .  Each tim e, we only using the
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remaining N — \ N h ( i ) | —1 observations to estim ate the param eters 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 S p a tia l zero -in fla ted  (SZI) regression  m odels

As mentioned in Chapter 6, a better param eter estim ation m ethod is needed 

for spatial zero-inflated (ZI) models. It should be worth while to examine m ax­

imum likelihood estim ation for spatial ZI models. We also pointed out tha t 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 th a t is to bring the 

auxiliary information into the param eter 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. W inkelmann (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 S p a tia l m odels w ith  loca tion  p e r tu rb a tio n s

In i t ia l ly  we h a d  h o p e d  to  s tu d y  sp a t ia l  m o d e ls  w i th  lo c a t io n  p e r tu r b a t io n s ,  

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 {L(SljS2)} intending to make inferences 

regarding some m odelfor the process but observes the process {Afs(SljS2)}
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at location instead of (5 1 , 5 2 ). A simple location perturbation model

could be the following: define s2)} by

where 0 <  p  < 1. For example, assuming tha t p is 1/2, Aq1);l) is h/yi) with proba­

bility 1/4, or Y(2 ,1) with probability 1/8 (each horizontal directional

shift), and A’(1)1)= y r(1)o) or V(i,2) with probability 1/8 (each vertical directional 

shift), and 2f(lil)=Y(o,o), F(0,2), A(2,o), or Y(2,2) with probability 1/16 (each four 

corner directional shifts). Then the observed A q^) is the desired l/p i)  only 25 % 

of the time. The question is,what loss in efficiency in estim ating the param eters 

of the {F(si,s2 )} results from observing the estim ated {AqSliS2)} process?

Possible delineations of perturbation models for {S'(5i , 52)} are

(i) S ( s i ,  s 2) =  (5 i, s 2) +  ’’noise” where ’’noise” is referred to as Z =  (Z i(s), Z 2(s)),

S  =  ( S ! , 5 2 ) .

(ii) construct {S'(5i , s2)} as a random field.

Possible constraining properties tha t {S'(s i , 52)} might possess are:

1. £  [A(si, s2)] =  (sx, s 2) =  s,

2. stationary increments; th a t is, the distribution of A(t +  h) — A(t) depends

9.3.4 B ayesian fram ew ork  for P h ase  1 m odel

This section outlines some Bayesian type ideas compatible with models we

k (5! ±  1,S2 ±  1) W.p. (i^£)1 —P \ 2

on h.

used. In the Bayesian approach, the populations param eters © 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 param eters into a posterior probability 

distribution by Bayes Theorem.

The Phase I model was defined as

Y =  i i  +  B e ,  (See (4.1))

where Y =  ( P i , . . .  , Y N )', / /= ( / / ! , . . .  ,/Ujv)', e  ~  MVN(0, a 2 I). Therefore, Y ~  

MVN(/x, a 2 r). Assume th a t y  is the observation vector of Y. Thus the likelihood 

function of y  is

1
L ( y  | fJ,,(r2, p t ; i =  1 , . . .  ,4) =  (2tt<72) n / 2 \ T  \ 1,2 e x p

2cr2
y - y l ) ' T  ( y  -  p i )

where T= I +  pi  H  +  p 2 V +  p3 +  p4 .

Application of Bayesian methods require the postulation of prior distributions 

discussed next.

9.3.4.1 P r io r  d is tr ib u tio n s

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 m any 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 

param eters p = ( p i , . . . ,/?*,) are independent of the param eter, p, and the residual 

variance, a 2, so tha t the prior densities satisfy

7r(/r,cr2, p i , . .. , p k ) =  7r (p  | cr2)n(cr2)iT(pu . . . 7p k )
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i.e. (p ,  a )  is independent of p=(pi,... , Pk)-

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) | cr2), tt( l o g ( a  j ) ,  and n ( p i , p 2)

are independently and uniform distributed, (2) n ( p  | a 2) ~  N ( p 0, a 2), rr(cr2) ~  

I G ( a , b ), and 7r(pi,p2) ~  u n i f o r m ^  —1,1), and (3) 7r(p | cr2) ~  l o g n o r m ( p Q, o 2). 

Once prior distributions are given, we can derive posterior distributions.

9.3.4.2 P o s te r io r  d is tr ib u tio n s

For the Phase I model, the posterior distribution of © given the data y  is

P(© I V)  =  P { l * , < r , P u P 2 \ y )

«  P ( y  I i i ,c r ,p u p 2)7r(/j, | a 2)7r(cr2)7T(p1, p 2) (9.1)

The Bayesian predictive distribution for yj  at non-sampled plot location, p ( y j  \ y ), 

is given by

p { y 3 | y )  =  J  p ( y 3 \ ® ) p ( ®  \ y ) d 0 ,

«  J p(y j  I P , ^ , P u p 2 ) 7 ^ ( p  I (72)^((T2)7r(pi,p2). (9.2)

where T =  1+ pi  H + p 2 V . The posterior distribution is analytically intractable due 

to the param etrization of T 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 estim ation procedure uses the full conditional distributions in an iterative 

procedure to obtain estim ates of the param eters for the intractable posterior dis­

tribution.
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9.3.5 Spatial-tem poral m odels

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 to tal coverage completed every 12 years. Since our response variables 

such as Total basal area, mortality, number of live tress, do change with tim e, it 

may be worthwhile to examine spatial-tem poral 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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