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Abstract: In recent years there has been an increasing interest in devel-
oping spatial statistical models for data sets that are seemingly spatially
independent. This lack of spatial structure makes it difficult, if not im-
possible to use optimal predictors such as ordinary kriging for modeling
the spatial variability in the data. In many instances, the data still contain
a wealth of information that could be used to gain flexibility and preci-
sion in estimation. In this paper we propose using a combination of re-
gression analysis to describe the large-scale spatial variability in a set of
survey data and a tree-based stratification design to enhance the estima-
tion process of the small-scale spatial variability. With this approach,
sample units (i.e., pixel of a satellite image) are classified with respect to
predictions of error attributes into homogeneous classes, and the classes
are then used as strata in the stratified analysis. Independent variables

used as a basis of stratification included terrain data and satellite imagery.

A decision rule was used to identify a tree size that minimized the error
in estimating the variance of the mean response and prediction uncertain-
ties at new spatial locations. This approach was applied to a set of n=937
forested plots from a state-wide inventory conducted in 2006 in the
Mexican State of Jalisco. The final models accounted for 62% to 82% of
the variability observed in canopy closure (%), basal area (m*ha™), cubic
volumes (m*ha™) and biomass (t-ha™) on the sample plots. The spatial
models provided unbiased estimates and when averaged over all sample
units in the population, estimates of forest structure were very close to
those obtained using classical estimates based on the sampling strategy
used in the state-wide inventory. The spatial models also provided unbi-
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ased estimates of model variances leading to confidence and prediction

coverage rates close to the 0.95 nominal rate.
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Introduction

Forest inventory data collected over large geographical regions
represent a combination of several spatial phenomena of differ-
ent origin and appear as complex spatial patterns at different
scales. For example, the large-scale variability in forest produc-
tivity may be influenced by strong environmental gradients (i.e.,
elevation, precipitation, temperature), while the variability in
forest productivity at the stand level may be influenced by differ-
ences in slope, aspect, soil texture, nutrient availability, pH,
depth to bedrock, etc. Disturbances (i.e., fire, logging, insects,
diseases, grazing, agriculture, etc.) also play an important role in
the distribution and structure of the forest resources.

To model such complex spatial patterns, it is generally as-
sumed that the data can be decomposed into two components: a
mean structure representing the large-scale variation and a sto-
chastic-dependent structure representing the small-scale variation
(Cressie 1991). If the data is not on a lattice, trend surface or
regression analysis can be used to describe the large-scale spatial
variability while the small-scale spatial variability represented by
the residuals from the regression model are modeled using the
covariance structure (Cressie 1991). In surveys covering large
geographical regions, the residuals from the regression model
may lack spatial structure because of large distances separating
the location of the sample data. This lack of spatial structure
makes it difficult, if not impossible to use optimal predictors
such as ordinary kriging for modeling the small-scale spatial
variability in a set of data. In many instances, the residuals from
the trend surface or regression model still contain a wealth of
information that could be used to gain flexibility and precision in
estimation. Failure to model this structure may lead to an inferior
model, inaccurate predictions and inappropriate conclusions
(Carroll and Pearson 2000).
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While geostatistical approaches may not provide the desired
solution, there is always an interest in exploring new approaches.
One approach to enhance the estimation process is to use strati-
fied estimation with terrain and satellite imagery as the basis of
stratification. With this approach, sample units (i.e., image pixel)
are classified with respect to the predictions of error attributes
into homogeneous classes, and the classes are then used as strata
in the analysis. Bloch and Segal (1989) first proposed the use of
binary classification trees in forming strata to adjust for covari-
ates. Michaelsen et al. (1994) used regression tree analysis to
produce a site stratification of a tall grass prairie to facilitate in
the design and allocation of ground sampling efforts. The strati-
fication was derived using a digital elevation model and land use
- land cover data. More recently, Benedtti et al. (2005) and Coc-
chi et al. (2002) explored a tree-based strategy to partition mu-
nicipalities into strata based on geographical region, population
size and census track data.

In the tree-based stratified design, strata are formed by divid-
ing the sample data into finer and finer partitions using a binary
partitioning algorithm that maximizes the dissimilarities among
strata (Breiman et al. 1984). The procedure is sequential and
determines a path from a null stratification, a single stratum con-
taining all the sample data, to the extreme in which each sample
observation represents a stratum (Benedtti et al. 2005). Once the
algorithm partitions the data into new strata, new relationships
are developed, assessed, and split into new strata. Given that the
partitioning algorithm is designed to produce strata with small
deviance, the strata are sub-optimal in the sense that they do not
minimize the variance of the estimated stratified mean (Cocchi et
al. 2002).

Since the size of the tree, or number of strata, is not limited in
the growing process, the final tree may be more complex than
necessary to describe the data (Breiman et al. 1984). Since this
technique has a tendency to over fit, Breiman et al. (1984) rec-
ommended fitting excessively large trees and then pruning the
trees back to an optimal size. Pruning is done by cross-validation
(Stone 1974) with a cost-complexity function that penalizes pre-
dictions made with excessively large trees (Esposito et al. 1997,
Ribic and Miller 1998; O’Connor and Wagner 2004). In general,
pruning methods aim to simplify decision trees that over-fit the
data with reasonable loss in the goodness-of-fit of the model.

Because of its popularity, numerous methods have been pro-
posed for selecting an optimal tree size (Esposito et al. 1997). A
comparison of some of the well known pruning algorithms is
provided by Esposito et al. (1997). Most of these approaches
however, try to produce a less complex tree that is easily inter-
preted. However, when regression trees are used for describing
the small-scale variability in a set of data it is not clear what the
optimum tree size should be, especially if there is interest in
making inferences about the final model. In addition to provid-
ing point estimates one might also be interested in constructing
confidence intervals for the mean response as well as construct-
ing predictions intervals for estimates at new locations in which
no data is available. It is rather straightforward to calculate both
confidence and prediction intervals for a regression model (Neter
et al. 1975), but how does one take into considerations the vari-
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ability associated with the regression tree component of the
model? The variance associated with each terminal node of a
regression tree is influenced by the size of the tree. This variance
generally decreases with increasing tree size. The number of
observations associated with each terminal node also influences
the estimate of the variance. In some instances having a large
number of observations at each terminal node may provide better
estimates of the variance than having a small number of observa-
tions.

This study focuses on data from a state-wide inventory of the
natural resources (e.g., forest, grasslands, agriculture) in the state
of Jalisco, Mexico (Reich et al. 2008b). We consider if it is pos-
sible to enhance the accuracy and precision of models describing
the spatial variability in forest structure (canopy closure (%),
basal area (m*ha™), cubic volume (m*-ha™") and biomass (t-ha™))
by accounting for the error structure using post-stratified estima-
tors based on efficiently defined strata.

Methods

Study site

The state of Jalisco is located in western Mexico between 22°45’
and 18°55” N latitude and 101°28” and 105°42” W longitude and
contains an area of approximately eight million hectares. Cli-
matic variation in the region is influenced by an interaction be-
tween westerly winds of maritime air masses and the effects of
mountain ranges.

The state can be divided into three broad ecological regions: (1)
The first is the sub-humid tropical zone located along the Pacific
coast and is characterized by high temperatures, monsoon rains
during summer months (730-1200 mm) and an annual dry pe-
riod that ranges from 5 to 9 months. Tropical dry forests domi-
nate the region and occur on terrain with elevations from sea
level to 2000 m and up to 4 000 m near the Colima volcano in
the southern part of the state. In the northern part of this zone,
the forests are mesic, while in the south the forests are slightly
dyer. Soils are shallow and are derived from metamorphic and
volcanic rocks. (2) At higher elevations the sub-humid temperate
zone covers the greatest portion of the state. Pine, oak and mixed
deciduous hardwood forests dominate this zone (1 000—2 600 m).
Average annual rainfall ranges from 900—-1500 mm. Soils are
derived from volcanic rock and have a high content of organic
matter. This zone gradually changes to third ecological region.
(3) An arid and semi-arid zone that has a low annual precipita-
tion of 400mm or less and 8 to 12 dry months. Dominant vegeta-
tion includes mesquite-acacia and xerophitic scrub. Soils in this
region are shallow and derived from igneous rocks and have a
low content of organic matter.

Field data

The data used in this study are from an inventory and monitoring
program designed to provide regional and local estimates of the
natural resources (e.g., forests, grasslands, agriculture) in the
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state of Jalisco, Mexico (Reich et al. 2008b). A total of 1424
permanent plots were located throughout the state using a strati-
fied design that took into consideration the climatic variability
within the state and spectral variability of the land cover. At each
location a 30m X 30m primary sampling unit corresponding to
the spatial resolution of a Landsat 7 ETM+ image was centered
on the coordinates assigned to it and laid out in a north-south,
east-west manner. Plot locations were verified using a Global
Positioning System (GPS) with an estimated accuracy of = 3 m.
Each plot was sub-divided into nine 10m x 10m secondary sam-
pling units (ssu). Five of the nine ssu’s were systematically se-
lected for detailed measurement (FIPRODEFO 2004).

Large trees (>12.5 cm DBH) were measured for diameter at
breast height (DBH) and total tree height (m) and recorded by
species on each of the five ssu’s using a circular plot with a ra-
dius of 5Sm. Tree diameters were used to estimate the basal area
(m® ha™") on each sample plot. On all nine of the ssu’s a spherical
densiometer was used to estimate the average percent canopy
closure on each sample plot. Six sets of regression equations
were used to estimate cubic volumes (m>-ha™') as a function of
DBH and total tree height: (1) pines (19 tree species), (2) other
conifers (10 tree species), (3) oaks (43 tree species), (4) tropical,
industrial (56 tree species), (5) tropical, non-industrial (107 tree
species), and (6) other hardwoods (303 tree species). Cubic vol-
umes for other species groups were assumed to be zero. Standing
tree biomass (t-ha™) was calculated for all tree species. Standing
tree biomass of tropical trees were estimated using regression
equations for three major climatic regions: dry (< 1500 mm of
rain per year), moist (1 500 — 4 000 mm of rain per year) and wet
(> 4000 mm of rain per year) (Brown et al. 1989; Martinez-
Yrizar et al. 1992; Brown and Iverson 1992). These regions co-
incide in general with those adopted to describe the vegetation
and ecology in the state (Reich et al. 2008a; Rzedowski 1978).
For tropical palms a regression equation developed by Rich
(1986) was used. Biomass estimates for coniferous trees were
based on regression equations developed from a database of trees
from the USA, India and Puerto Rica (Brown et al. 1989).

Spatial data

Information on the spectral variability of forested vegetation and
topography were taken from satellite imagery and a Digital Eleva-
tion Model (DEM) of the state. Ten cloud-free Landsat7 ETM+
images obtained during the months of January through March,
2004, were joined together to create a seamless image of the state.
The satellite imagery consisted of nine spectral bands (spectral
bands 1-5, 6L (low gain), 6H (high gain, see USGS-EROS Data
Center web site for more information), 7 and 8). Spectral bands
6L and 6H were thermal bands (57-m resolution), while band 8
was a panchromatic image (15-m resolution). These latter three
bands were resampled to a 30-m spatial resolution using nearest
neighbor techniques. The DEM was obtained from the National
Elevation Dataset (NED) as a seamless ArcInfo (ESRI 1995) grid
at a 90-m resolution (U.S. Geological Survey (USGS), Gesch et al.
2002). The DEM was resampled to a 30m spatial resolution using
bilinear techniques. Raster surfaces of percent slope and aspect

were obtained from the Digital Elevation Model. A raster surface
of the land cover types was provided by the state of Jalisco.

Model development

For each component of forest structure, a stepwise AIC procedure
(Venables and Ripley 2002) was used to identify a subset of inde-
pendent variables to include in the regression model that mini-
mized the AIC (Akaike 1973). Independent variables considered
for inclusion in the regression models included elevation, slope,
aspect, Landsat 7 ETM+ bands and forest type. Regression coeffi-
cients and variances were estimated using generalized linear model
theory (McCullagh and Nelder 1989). For the regression analysis,
cubic volumes and biomass were square root transformed to obtain
symmetric distributions.

Canopy closure was allowed to enter the basal area model as a
predictor, while in the cubic volume and biomass models both
canopy closure and basal area could potentially enter the models as
predictor variable(s). Since canopy closure and basal area are ran-
dom variables and correlated with the errors in estimating cubic
volumes and/or biomass, the observed values of canopy closure
and basal area were substituted with their linear expectations. This
removed the randomness of using canopy closure and/or basal area
as a predictor variable in the cubic volume and/or biomass models.
The errors associated with estimating the dependent variable under
these conditions, have zero mean, constant variance and are uncor-
related (Theil 1971).

The small-scale variability (i.e., estimated errors from the re-
gression models) in forest structure was modeled using a tree-
based stratified design. Independent variables considered in the
stratification included elevation, slope, aspect, Landsat 7 ETM+
bands and forest type. To evaluate the effectiveness of modeling
the small-scale variability in forest structure using a tree-based
stratified design, different binary regression trees were fit to the
residuals from the GLM models. This was accomplished by
varying two parameters that controlled the recursive portioning
algorithm used to construct the tree. The first parameter minsize
was used to define the stratum size at which the last split was
performed. If minsize = 5 (the default value) the algorithm con-
tinues to partition the data into stratum if there are at least 5 ob-
servations in a given stratum. The parameter minsize, was ini-
tially set to take on the values of 5, 15 and 25 and then increased
in increments of 5 if no optimal tree structure was identified. The
second parameter best is an integer that was used to control the
number of strata, or number of terminal nodes in the tree. If there
was no partitioning of the requested size, the next largest parti-
tioning was returned. The number of strata was varied from a
minimum of 10 strata, to the maximum number of strata possible,
in increments of 5 strata. The maximum number of strata is re-
lated to the parameter minsize and has an upper bound
~nobs/minsize, where nobs is the number of observations in the
data set.

Cross-validation

A 10-fold cross validation (Stone 1974) was used to evaluate the
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predictive performance of the fitted models (GLM model + re-
gression tree). The data were split into K=10 parts consisting of
approximately 94 sample plots. For each part, the models were
fitted to the remaining K-1=9 parts of the data. The fitted model
was used to predict the part of the data removed from the model-
ing process. This process was repeated 10 times so that each
observation was excluded from the model fitting step and its
response predicted. The prediction errors are then inferred from
the predicted minus actual values. While it may be desirable to
assess the uncertainty in the models using an independent data
set, this may not always be feasible because of time and cost
constraints. The cross-validation procedures used in this paper
have become a popular method of assessing accuracy and predic-
tion since the articles by Stone (1974) and Geisser (1975).

During the cross-validation, 95% prediction intervals were
calculated for the prediction data sets, assuming normality. Con-
fidence intervals for the mean response were also computed for
the fitted models. Coverage rates were calculated as the propor-
tion of intervals that covered the observed data. The coverage
rate only provides information on whether an observation was
included in the interval or not. Additional information can be
gained by checking estimates of the variances for unbiasedness.
The standardized mean squared error (SMSE) was used to test
the null hypothesis of equal variance (Hevesi et al. 1992):

SMSE = lzn; o ((Sg

) W

where é‘(sl. ) = (Z(Sl. )— f(sl. )) , is the true error
and Val’(f (Sl. )) is the estimated variance. The estimated vari-

ances were assumed consistent with the true errors if the SMSE

fell within the interval [1 + 2(2/ n)l/z ] (Hevesi et al. 1992).

The effectiveness of the fitted models (GLM model + regres-
sion tree) were evaluated using a goodness-of-prediction statistic
(G) (Agterberg 1984; Kravchenko and Bullock 1999; Guisan and
Zimmermann 2000; Schloeder et al. 2001). The G-value is a
measure of the effectiveness a prediction might be relative to that
which could have been derived using the sample mean (Agter-
berg 1984). A G-value equal to 1 indicates perfect prediction, a
positive value indicates the model estimates are more reliable
than if one had used the sample mean, a negative value indicates
the model estimate is less reliable than if one had used the sam-
ple mean, and a value of zero indicates that the model produces
estimates equivalent to the sample mean. Various measures of
the prediction errors were also computed.

A decision rule was adapted to identify a tree size that mini-
mized the error in estimating the variance of the mean response
and the prediction variance

R=1(SMSE, —1Y +(SMSE, -1y’ + MSER(df —n) (2)

where SMSE)y, is the standardized mean square error of the vari-
ance of the mean response and SMSEp is the standardized mean
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square error of the prediction variance, MSEP is the mean
squared error of prediction obtained from the 10-fold cross-
validation, df is the degrees of freedom of the GLM model and n
is the number of terminal nodes in the tree. The last term in this
equation is a penalty for using a regression tree with an excessive
number of terminal nodes, or strata.

Comparison with state-wide inventory

Maps representing the components of forest structure were gen-
erated for the models selected to minimize the error in estimating
the uncertainty in the spatial estimates. Maps displaying the un-
certainty in the spatial estimates were also generated. State-wide
estimates of the mean response and prediction variances were
obtained by averaging estimates over all 30 m x 30 m pixels in
the state (N = 95,693,043). These estimates were compared to
classical estimates obtained using the same set of data (Reich et
al. 2008b).

Results
Models of forest stand structure

The decision rule identified 55 strata for the canopy closure
model and 54 for the basal area model and with a minsize of 25
observations (Table 1). The basal area model accounted for 63%
of the variability observed on the sample plots while the canopy
model accounted for 62% of the variability observed in canopy
closure on the sample plots. In contrast, the models for cubic
volume and biomass had strata sizes of 85 and 95, respectively
and with a minsize of 5 observations. The volume model had a
G-statistic of 78% and 82% for the biomass model. The slight
difference in the G-statistic is because not all trees on a sample
plot had a volume, but all trees had a biomass. If a tree species
was not economically important no volume estimates were re-
coded. This weakened the correlation between the volumes ob-
served on the sample plots and the set of predictor variables.
Volumes and biomass vary across climatic regions (i.e., tropical,
temperate, semi-arid) and position on the landscape (i.e., eleva-
tion, slope and aspect). Forest types in the tropical, temperate
and semi-arid regions have unique spectral properties which are
reflected in the satellite imagery. The models are able to capture
this variability by partitioning the data in a large number of small
homogeneous strata. Sample plots with the same canopy closure
or basal area can have different spectral properties depending on,
for example the forest type, stocking level and average tree size
and thus, making it more difficult to model using the spectral
reflectance and terrain data. This results in a coarser partitioning
of the data into a small number of large strata. This coarser par-
titioning of the data results in a lower G-statistic for these two
models.

The confidence and prediction coverage rates for all models
were close to the 0.95 nominal coverage rate. The standardized
mean squared errors were close to their expected value of unity
indicating the variance estimates were consistent with the true
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errors. The standardized mean squared errors ranged from 0.96
to 1.04. The histograms and plots of the predicted vs. observed
values (not shown) did not show any trends suggesting any sys-
tematic bias in the models.

Table 1. Fit statistics for the spatial statistical model of selected vari-
ables describing forest structure.

Canopy  Basal Cubic

o Biomass
Statistic Closure  Area Volume B
2.1 3.1 (tha™)
(%) (m~ha’) (m:ha)
Sample Size 937 937 937 937
Minsize 25 25 5 5
Tree size 55 54 85 95
G-statistic 0.630 0.622 0.791 0.816
Standardized Mean Squared Error
1.047 0.964 0.997 0.969
— Model

Standardized Mean Squared Error
1.063 0.968 1.014 0.980

— Prediction

Mean Squared Error Prediction 568.22  67.44 16.09 15.79
0.95 Coverage Rate — Model 0.95 0.95 0.96 0.96
0.95 Coverage Rate — Prediction 0.94 0.95 0.95 0.95
Cost Complexity Function 0.724 0.125 0.033 0.049

Comparison with the state-wide inventory

The final models were used to predict basal area, canopy closure,
cubic volumes and biomass along with their prediction variances
for all pixels in the state. Fig. 1 displays the spatial variability in
estimates of basal area for the state of Jalisco. State-wide esti-
mates were obtained by averaging across all pixels. These esti-
mates were compared to classical estimates obtained using the
same data. The classical estimates take into consideration the

(@
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two-way stratification with differential weighting due to selec-
tion probabilities and adjustments for post stratification (Table 2).
Estimates obtained from the spatial models were very close to
the estimates obtained using the classical approach. Given that
both approaches rely on the spectral variability of the land cover
in the estimation process it is not surprising the two approaches
provide almost identical results.

The percent sampling error for estimating the parameters of
forest structure using the classical approach ranged from 9.3%
for canopy closure to 17.3% for biomass (Table 2). The percent
sampling errors were within the goals set by the state. The mini-
mum, maximum and average prediction standard deviations as-
sociated with estimating forest structure using the spatial models
are also summarized in Table 2 for comparison with the state-
wide inventory.

Additional comparisons of the two approaches were made for
the three climatic regions (e.g., tropical, temperate, and semi-arid)
and 12 economic regions in the state (Reich et al. 2009). The
only significant difference observed in estimates for the three
climatic zones was for canopy closure in the tropical region. The
spatial model predicted denser canopies compared to estimates
from the classical approach. At the regional level, there was no
significant difference between the classical approach and the
spatial estimates for all variables in the temperate climatic zone.
Estimates from the spatial models suggest the classical approach
provided larger estimates in some regions in the semi-arid cli-
matic zone and smaller estimates in some regions in the tropical
climatic zone. The agreement between the classical approach and
spatial estimates at the regional, climatic and state level suggest
the spatial models may be capable of providing reliable estimates
of population parameters for any geographical region, large or
small, in the state (Reich et al., 2009). This is a major limitation
of the classical approach.

Fig. 1 Spatial distribution of (a) predicted basal area (m*/ha) and (b) associated prediction standard deviations in the state of Jalisco Mexico.
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Table 2. Comparison of estimated means from the state-wide inventory for selected variables describing forest structure and the corresponding

estimates from the spatial statistical models.

Classical Model Spatial Model
Variable Std. ) 2 sd (2 ) Min Max
Mean Error! %SE Mean Min Max Mean® §.0.\Z; Sd(él ) Sd(él )
Canopy Closure (%) 48.9 2.28 9.3 522 0 100 23.8 16.7 45.6
Basal Area (m*ha™) 7.9 0.53 13.2 8.0 0 51.8 16.9 11.0 27.7
Cubic Volume (m*ha™) 46.2 4.08 17.3 472 0 526 17.5 11.1 145.1
Biomass (t-ha™") 58.2 5.09 17.1 56.1 0 120.7 13.4 0.0 63.8

'Standard error of the mean (n= 937); > Prediction standard deviation for an individual sample unit.

Discussion

The results of this study provided evidence that the use of regres-
sion tree-based stratification is adequate for describing the small-
scale variability in components of forest structure in the state of
Jalisco, Mexico. When combined with a regression model to
describe the large-scale variability in forest structure, the final
models accounted for 62% to 82% of the variability observed in
forest structure on the sample plots. While the regression models
alone provided unbiased estimates of the mean response, the
variance estimates were not accurate. This leads to inadequate
confidence and prediction intervals. To account for the small-
scale variability in forest structure, the errors of the regression
model were stratified into homogenous classes using terrain and
satellite imagery as the basis of stratification. With this approach,
sample units (i.e., image pixel) are classified with respect to the
predictions of error attributes into homogeneous classes, and the
classes are then used as strata in the analysis.

An advantage of the tree-based stratified design for describing
the small-scale variability in a set of data is that it does not re-
quire distributional assumptions about the variable of interest or
any hypothesis regarding the functional form of the relationship
between the variable of interest and its predictors (O’Connor and
Wagner 2004). Moreover, when many auxiliary variables are
available, the tree-based algorithm is able to select the most
powerful variables for the construction of strata (Cocchi et al.
2002). A disadvantage of this approach is that it requires large
sample sizes to ensure the tree-based algorithm is capable of
capturing the complex relationship that exists between the vari-
able of interest and its predictors.

The uncertainty of modeling the spatial variability in forest
stand structure has been quantified on the basis of two contribut-
ing sources of error. The first component is due to the uncer-
tainty in modeling the large-scale variability using multiple re-
gression models, and the second component is due to the uncer-
tainty associated with the stratification scheme used to account
for the small-scale variability. The error in spatial predictions can
be presented as maps showing the computed estimation errors as
well as place prediction intervals around our estimates. The un-
certainty in spatial predictions varied considerably, both spatially
and for the different models of forest structure. These maps pro-
vide information on the location of the main source of uncertain-
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ties and indicate where improvements in the model may be real-
ized.

The results of this study highlight the value of quantifying the
uncertainty in spatial predictions. The large prediction variances
are for estimating the variability of an individual sample unit,
and the large prediction variances should not be attributed to the
inadequacy of the approach to handle spatially correlated data or
due to the quality of the spatial data. Although the tree-based
stratified design provides reliable estimates of model variances in
this study, theoretical considerations imply this is not always the
case. The use of regression trees to model small-scale variability
is based on the assumption that a relationship exists between
residuals from the regression models and the set of predictors
available for stratification. In the present study, this assumption
was supported by the results. If there is no relationship, this
approach may fail.

The results reported here are comparable to those obtained by
Reich et al. (2004) to model the spatial distribution of forest fuel
loadings on the Black Hills National Forest in southwestern
South Dakota. Their models described 55% to 71% of the spatial
variability in the components of forest fuels observed on the field
plots. Estimates of the SMSE; showed that the computed predic-
tion variances were statistically consistent with the true errors for
all models, except one. The 0.95 prediction coverage rates
ranged from a low of 0.90 to a high of 0.99. Half of the models
had coverage rates less than the nominal 0.95 rate, suggesting the
prediction intervals may not be large enough to insure 95% pre-
diction intervals around estimates. These results stress the impor-
tance of having a decision rule capable of identifying the appro-
priate tree structure to ensure unbiased estimates of the variances.

To identify the optimum tree structure (i.e., number and size
of the strata) simulations were carried out in conjunction with a
10-fold cross-validation to evaluate the predictive performance
of the models. The study tried to cover many aspects and poten-
tial problems in identifying the optimal tree structure by the use
of simulations. However, it is difficult to say anything definitive
about the behavior of this approach from a few simulation stud-
ies. It does appear however that the use of regression trees to
describe the small-scale variability in a data set provides reliable
results. This is supported by the fact that variance estimates for
the final models were unbiased and coverage rates were quite
close to the 95% nominal rate.
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Conclusion

To support assessment and monitoring efforts, ecosystem re-
source managers require spatially explicit information concern-
ing the status of key indicator variables. The models developed
in this study can be used to predict unknown population values
from the relationships developed from regional survey data. The
uncertainty associated with estimates of population parameters
can be reduced considerably through the use of information con-
tained in explanatory variables used in the spatial models. The
pattern in the fitted surfaces is thus generated by the know pat-
terns in the explanatory variables and can be used to strengthen
the spatial inference from the sample data.

Results of this study indicate that the proposed modeling ap-
proach described here can simulate the spatial variability of for-
est stand structure using field data from a state-wide inventory.
The spatially generated estimates at the regional and state level
were found to generally match the observed data. The models
also provided a description of the distribution of the response
variables throughout the state. The accuracy and precision of the
models are obviously limited by the requirement for large
amounts of data of good quality. The validation of the spatial
models using an independent set of data is extremely difficult
and costly to perform, and may not be realistic. If such data are
not available the spatial models may be used as an investigative
tool to target additional data collection and identification of re-
sponse variables requiring improvement. The modeling approach
described here can enhance the efficiency and effectiveness of
investigating the behavior of spatially distributed phenomena.
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