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Abstract 

Gadbury, G.L.; lyer, H.K.; Schreuder, H.T.; and Ueng, C.Y. A nonparametric analysis of plot basal 
area growth using tree based models. Res. Pap. RMRS-RP-2. Fort Collins, CO: U.S. Department 
of Agriculture, Forest Service, Rocky Mountain Research Station. 14 p. 

I 

Tree based statistical models can be used to investigate data structure and predict future observa- 
tions. We used nonparametric and nonlinear models to reexamine the data sets on tree growth used 
by Bechtold et al. (1 991) and Ruark et al. (1 991). The growth data were collected by Forest Inventory 
and Analysis (FIA) teams from 1962 to 1972 (4th cycle) and 1972 to 1982 (5th cycle). We used tree 
based models to group observations into clusters that were specified by covariate values. Next, we 
performed a permutation test on the grouped data to test for a change in tree growth rates from the 
4th cycle to the 5th cycle. Our techniques differed from those used by Bechtold et al. (1 991) and Ruark 
et al. (1 991). The data was not assumed to follow any parametric distribution, the relation between 
response and covariates was not assumed to be linear, and the test for a change in tree growth did 
not require any parametric assumptions. The methodology presented here is general and applicable 
to other situations where the significance of a specific covariate is in question. Despite these relaxed 
constraints of analysis, our results generally agreed with those of Bechtold et al. and Ruark et al. 

Key words: nonparametric, nonlinear, models, tree based statistical models, tree growth rates, 
parametric distribution, tree growth data 
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Introduction 

Since 1928, the Forest Inventory and Analysis (FIA) 
units of the USDA Forest Service have surveyed the forest 
resources of the United States. Estimates of aggregates, for 
example, area in major land classes and/or forest types, 
changes in areas and volumes over time, and changes in 
the forest resource over large areas, are identified. In 
recent decades, these inventories have produced data 
that, upon subsequent analyses, have revealed a decrease 
in growth of natural southern pine stands in the southeast- 
ern United States from 1972 to 1982 relative to 1962 to 1972 
(Sheffield et al. 1985, Sheffield and Cost 1987, Zahner et al. 
1989). This reported decrease has been as high as 23% for 
loblolly pine (Pinus taeda L.), 32% for Georgia shortleaf 
pine (P. echinata Mill.), 28% for Georgia slash (P.elliotti 
Engel.), and 29% for Alabama longleaf pine (P. palustris 
Mill.) (Bechtold et al. 1991, Ruark et al. 1991, hereafter 
Bechtold et al. and Ruark et al.). 

These findings may cause concern because questions 
about the potential reasons for the reported decline in 
growth become relevant, and such data do not establish 
cause-effect (Schreuder and Thomas 1991). For example, 
newspapers have discussed the possibility of a pollution 
effect even though such a link has not been established. 

Considering the seriousness of the implications of a 
growth decline reaching as high as 32%, an analysis of the 
2 data sets used by Bechtold et al. and Ruark et al. is 
necessary. Alternative analyses of a given data set are 
reasonable because statistical models are approximations 
of reality, at best, and no single analysis can consider all 
peculiarities associated with any given data set. Although 
the models used by Bechtold et al. and Ruark et al. have 
been subjected to careful scrutiny by others, some issues 
remain unexplored. Are there other models, perhaps non- 
linear ones, that explain the data as well as or better than 
the Bechtold et al. or Ruark et al. models? Do these alter- 
native models yield results that are consistent with earlier 
findings? Could these data be analyzed using statistical 
methods requiring fewer assumptions? 

In this paper we consider a relatively recent regression 
technique, referred to as either tree based regression, 
classification and regression trees (CART; Breiman et al. 
19841, or tree based models (Clarkand Pregibon 1993). The 
models are so named because of their analogies to actual 
trees. For instance, developing a model is called "grow- 
ing" the tree, refining a model is called "pruning" the tree, 
and tree models have branches and leaves. 

This regression technique is useful when complex un- 
known relationships exist among large numbers of vari- 
ables. Because the procedure is not based on linear mod- 
eling or normal distributions, we felt that it would iead to 
a nonredundant analysis of the data sets. Such a 

procedure would be useful to assess other changes of 
interest in FIA and national forest inventory data. 

In this paper, we review the literature, outline the 
principles underlying the tree based model procedure, 
and present an approach for assessing the difference in 
tree growth from the 4th to 5th cycles involving a nonpara- 
metric test. This approach is general and is applicable to 
many different problems where the significance of a spe- 
cific variable is in question. We report and discuss the 
results of our analyses and describe a simulation study 
that gives some insight about how results are affected by 
model selection and the correlation structure of the data. 

Literature Review 

Bechtold et al. classified the inventory plots in Georgia 
as loblolly, shortleaf, and slash pine stands. For each type 
of plot, they analyzed data representing "all" trees and 
data representing "pine only" trees so a total of 6 analyses 
were conducted. The growth rates of loblolly and slash 
pine plots were investigated using a model of the form: 

where c, and c, are indicators for cycle 4 and cycle 5, and 
other variables are defined in table 1. 

Model 1 was used to analyze "pine only" and "all trees" 
data. An exception to the model given by equation 1 is 
where Bechtold et al. used an interaction term involving 
number of stems per acre (N) and cycle for shortleaf pine, 

Table 1. Variable descriptions for Model 1. 

Variable Description 

G gross annual basal area growth per acre (survivor 
growth + ingrowth) 

S site index representing volume growth potential; a 
relation between age and height of dominant and 
co-dominant pines in each stand (base 50 years) 

A stand age (midpoint of 10 year class) 

N number of stems per acre 

P ratio of yellow pine basal area per acre to basal 
area of all species 

M annual basal area mortality per acre of trees 21 
in. dbh (diameter breast height) alive at initial 
inventory that die from natural causes prior to 
terminal inventory 

€ ,  error terms assumed iid Normal (0,02) 
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instead of a common N term across cycles as in Model 1. 
A11 cases showed a significant reduction in growth from 
cycle 4 to cycle 5 ranging from 16% for loblolly "all trees" 
to 32% for shortleaf "all trees." 

Ruark et al. used a different data set for their analysis 
and used the model: 

where PSGl is pine survivor growth of trees 21.0 in. dbh 
(diameter at breast height), PSG5 is pine survivor growth 
of trees 25.0 in. dbh, initial QMD (quadratic mean diam- 
eter) of trees 21.0 in. dbh; other variables are defined in 
table 1. Ruark et al. performed 2 analyses using Model 2, 
one for trees 21.0 in. dbh and the other for trees 25.0 in. dbh 
(a subset of the former). They analyzed tree growth for 
Georgia and Alabama and, with the exception of Alabama 
loblolly PSG5 growth, all results showed a significant 
reduction on PSGl and PSG5 growth from cycle 4 to cycle 
5 ranging from 10% to 31 %. 

Ouyang et al. (1992) suggested that the analyses used by 
Bechtold et al. and Ruark et al. could be improved using a 
procedure based on bootstrap and weighted jackknife 
confidence intervals, still fitting the same linear model at 
each iteration. With their procedures, they confirmed the 
growth reductions found by Bechtold et al. and Ruark et al. 

The data sets of Bechtold et al. and Ruark et al. were 
screened to obtain similar stands of timber for each period. 
Refer to Bechtold et al. and Ruark et al. for their respective 
screening criteria. Although the criteria used to select 
plots were the same for both periods, the samples taken in 
the 2 periods may not represent the same population; 
therefore, the population of inference remains unknown. 
For example, if there was visual evidence of disturbance 
on a plot, the plot was screened out. Disturbance rates can 
be high for southern pine stands. 

Models 1 and 2 were selected for reasons relating to 
biological sensibility in addition to obtaining a reasonable 
statistical fit. Possibly, adding other terms, such as 2nd 
order terms (quadratic and two-way interactions), might 
lead to a substantially better fit. Bechtold et al. and Ruark 
et al. found significant interactions among covariates and 
between covariates and cycle, although inclusion of these 
terms in their model only slightly affected predictions. 
Different approaches for model selection (all subsets re- 
gression, backward elimination, stepwise regression, etc.) 
will generally lead to models different from Models 1 and 
2. Such models will probably fit the data adequately and 
may be as biologically meaningful. Another factor that 
may influence the results of a model selection exercise is 
the initial "pool" of covariates; the covariates themselves, 
their powers, products, etc. Generally, there is a large 
degree of uncertainty associated with the model selection 
exercise. In this paper, we do not deal with uncertainty in 

model selection but do consider an entirely different class 
of models that offer advantages when the data structure is 
complex. We describe these models in the next section. 

Tree Based Models 

Tree based models can be used to study either classifi- 
cation or regression problems. Although we are concerned 
with the latter, the 2 problems are closely related; the 
regression problem is solved by classifying continuous 
observations into homogeneous subsets. The technique 
was proposed by Morgan and Sonquist (1963) as a means 
of analyzing large scale survey data, and it found applica- 
tion in the medical community where it was used to 
classify patients into high or low risk categories. The 
technique has also been used in a variety of other classifi- 
cation and regression problems (Verbyla 1987, Ciampi et 
al. 1988, Temkin et al. 1995), Chaudhuri et al. 1995). 

As indicated, the technique is often referred to as clas- 
sification and regression trees (CART) (Breiman et al. 
1984). In forestry, Le May (1994) recommends the use of an 
analysis, such as CART, to develop objective rules to 
classify whether standing trees are sound or decayed. In 
this paper, we use the statistical package S-plus that con- 
tains many useful functions for developing and analyzing 

Figure 1. The fit of a tree based model where X is 50 obser- 
vations from a standard normal distribution, and Y=X. The 

A A ~  M 

tree model predictions approximate the quadratic relationship 
with a step function. 
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tree based models (see Clark and Pregibon 1993 for a 
treatise of tree based models in S-plus). 

A tree based model attempts to fit a step function to the 
response variables, where the steps are determined by 
covariate values. The relationship between the response 
variable and the covariates can be simple or complex. It is 
not required that the data follow any particular paramet- 
ric distribution. Figure 1 illustrates the basic idea underly- 
ing tree based models. In this figure, X is a vector of 50 
observations from a standard normal population and, for 
illustrative purposes, we assume there is a perfect qua- 
dratic relation between the response and covariates, Y=X2. 
The tree based model approximates this quadratic relation 
with a step function. Although the tree model does not 
discover the exact relationship between Y and X, it deter- 
mines the existence of curvature without starting from an 
assumed model form such as Y=a+bX+cX2, as would a 
classical regression analysis. For the data displayed in 
figure 1, we can examine the plot first and then decide to 
fit a model of the form Y=a + bX+cX2. But for the FIA data, 
visualization is difficult because of high dimensionality. 
No model form may be postulated a priori with any degree 
of conviction. We believe that the data structure in the 
aforementioned data sets is sufficiently complex to justify 
the tree based model approach. 

Tree based models have certain additional attractive 
features. They are invariant to monotonic transformations 

Figure 2. Tree model showing 4 terminal nodes or leaves 
represented by rectangles. Ovals are intermediate nodes. 
Numbers inside the ovals and rectangles are the predictions 
at that node. The top oval node with the prediction of 3.514 is 
sometimes called the root or parent node. The 2 nodes with 
predictions 4.468 and 2.687 are sometimes called children 
nodes etc. \ 

of predictor variables, and they automatically attempt to 
accommodate higher order terms and interactions among 
covariates. However, they are not invariant to transforma- 
tions of response since prediction errors are determined 
using the scale for the response. Outliers affect a tree 
model differently from a linear model. A tree model at- 
tempts to cluster responses into homogeneous groups, 
and an outlier only affects one of these groups no matter 
how extreme the outlier is. In contrast, an extreme outlier 
in a linear model may influence the entire model. 

Let us take a simple example of a tree model and 
illustrate how it is used for making predictions. Consider 
the prediction tree in figure 2. This tree is a graphical 
description for the prediction rule suggested by a tree 
model fit to hypothetical tree growth data with Y=growth 
rate as the response variable and X,=Age and 
X,=P=proportion of yellow pine as covariates. This tree has 4 
leaves or terminal nodes. The node labeled 3.514 is the root 
node, and the value 3.514 represents the mean Y value of 
all stands in the data. The root node is split into 2 nodes, 
one corresponding to the branch Age220 and the other to 
the branch Age>20. The mean Y value for all stands in the 
data with Age220 is 4.568. Likewise, the mean Y value for 
all the data with Age>20 is 2.687. The process is continued 
until it is determined that no further branching is neces- 
sary. 

To predict the Y value for a stand with Age=25 and 
P=O.6 we begin with the root node and proceed along the 
branch labeled "Age>20n since X,=25 for this stand. Since 
P=0.6, we take the branch "P20.7005" and reach the leaf 
labeled 1.628. The predicted Y value for this stand is 1.628. 
Note that each "leaf" corresponds to a data subset that has 
very similar Y values. In essence, the data cases have been 
grouped into 4 clusters and the cluster mean Y value is 
used to predict the Y value of any new case that is classified 
as belonging to the cluster in question. 

Next, we give a brief explanation of the basic procedure 
used to fit tree based models to data and to assess the 
goodness of fit. Certain similarities between linear regres- 
sion modeling and tree based modeling will be noted. The 
modeling exercise is divided into 3 stages: 1) developing 
or "growing" a tree model, 2) refining or "pruning" a tree 
model, and 3) evaluating the goodness of fit. These 3 stages 
also occur in standard regression modeling where the first 
stage is developing an initial regression model, the second 
stage is examining submodels, and the final stage is com- 
paring the performance of various candidate models. 

Growing the Tree Model 

Tree based regression seeks to partition observations 
into homogeneous classes. Classic multivariate cluster 
analysis seeks to group multivariate observations into 
classes that are "close" together where closeness is deter- 
mined by a chosen metric distance (Mardia et al. 1979). 
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Tree based models differ in that the chosen distance of 
interest is the squared distance of the Y values (response) 
within clusters from their mean in that cluster. 

We first consider a single response variable and a single 
covariate. Let Y denote a vector of observations and X a 
vector of covariate values. Tree structured regression is 
begun by partitioning the data Y into 2 groups, Y, and Y,. 
The observations that make up Y, and Y2 are determined 
by the corresponding values in X. Denote the mean of Y, as 
j ,  , the mean of Y2 as 7,. and the overall mean of Y as j .  A 
value in XI say x, is chosen so that values in X>xo designate 
observations in Y, and values in X<xo designate the obser- 
vations in Y2. This value of xu then maximizes the reduction 
in sum of squares: 

where i denotes the 2 subsets of Y, ni is the number of 
observations in set i, and n is the number of observations 
in Y. The observations in Y, make up a node of the tree as 
do the observations in Y,. The observations in the original 
Y are in the root node. As nodes are formed off the root 
node, they are recursively split into subsets in the same 
manner to maximize the quantity in equation (3). Now, we 
can generalize the scenario described above by allowing 
multiple covariates so that at each node not only the xu 
value is sought, but also the covariate is sought that, when 
split on, maximizes the quantity in equation (3). 

A node will not be split further if the observations in 
that node are determined to be homogeneous or if there 
are too few to justify further splits (15 by default). When 
this condition is reached, the node is called a "terminal 
node" or "leaf." The tree growing algorithm terminates when 
there are no nodes remaining that need to be further split. 

There is no statistical test that monitors how far a tree 
model should grow. Thus, the algorithm tends to overfit 
the data (similar to overfitting a linear regression model). 
The "overfit" model is sometimes called a "fully grown 
tree model." A technique called "pruning" is used to 
simplify the tree model without sacrificing the goodness 
of fit. Note the similarity between pruning to remove 
unnecessary nodes from a tree model and backward 
stepwise regression to remove unnecessary variables from 
a regression model. 

Tree Dendrogram 
Figure 3. Tree dendrogram with 

Pruning a Tree Model 

Consider a tree T and an arbitrary subtree T'with the 
same root node as T. Clark and Pregibon (1993) define a 
quantity, D,(T' ),which we call the adjusted sum of squares 
for the subtree T', by 

where 6 is a penalty factor called a cost-complexity param- 
eter, size(T') is the number of leaves in tree T', and D(T') 
is the pooled "within" sum of squares for Y (often called 

corresponding deviance curve. 
The length of the vertical lines on 
the dendrogram is a visual 
representation of the amount that 
the tree deviance is reduced by 
splitting at a particular node. 
Very short vertical lines at a split 
indicate that that node will 
probably be among the first 
pruned. The values across the 
top of the deviance curve are 6 
values that influence tree size. 

Deviance curve 
1 20.00 9.70 3.20 

1 5  10 15 20 25 

tree model size (#leaves) 
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the deviance), pooled over all the clusters determined by 
the terminal nodes. 

Here k signifies the number of terminal nodes of T', and 
the other terms are as in equation (3). D&T' ) in equation (4) 
is the adjusted sum of squares for tree T'after incurring a 
penalty factor related to its size. (This quantity is analo- 
gous to Mallows' Cp in the linear regression framework.) 
The fully grown tree model is pruned, for a given value of 
6, to minimize D,(T'). So, for 6=0, no pruning is done, and 
for any positive 6, the terminal nodes that reduce the total 
tree deviance the least are identified and pruned until 
D,(T') reaches a minimum for that value of 6. The larger 
the 6 value, the more pruning is required. We can let 6 be 
a vector of values, which creates a sequence of tree sizes 
and corresponding deviance. A plot of these tree sizes and 
deviances is a deviance curve. Figure 3 is a dendrogram of 
a full tree and its corresponding deviance curve. 

Goodness of Fit and 
Predictive Performance 

Once a tree model is constructed and pruned for some 
6 value, one measure of its goodness of fit is its deviance, 
given by equation (5). The predictive capability of a tree 
model can be evaluated using cross-validation. If Y is our 
vector of observations of length n, tree T'is constructed by 
pruning a fully grown tree T for a chosen value of 6. A new 
set of observations Y,, and their corresponding XI ,  covariates 
are passed through the tree and the resulting prediction 
errors are calculated. If no new data are available, divide 
Y into rn subsets. Delete the ith subset from Y and produce 
a tree model T" from the remaining (i-1) subsets of Y, 
which are pruned to a fixed value of 6. Pass the observa- 
tions from the ith subset through this tree and calculate a 
total prediction error using the expression: 

where 1 indexes the observations of Y from subset i that 
fall into node j, iJici, is the mean Y value at node j of tree 
T" that was constructed without observations in subset i, 
n :, is the number of observations from subset i that fall into 
node j, and k is the number of terminal nodes in tree T". 

Next, a different subset from 1,2, ... , m is deleted from 
Y, a new tree model is constructed without this subset, and 
the calculation of equation (6) is repeated. This is done m 
times and the rn results from equation (6) are summe'd. The 

result is the cross validation deviance of the tree model for 
that particular penalty level of 6. This process is an m-fold 
cross validation, and the cross validation deviance is a 
useful indicator of the predictive performance of the tree 
model. Repeating this process for differing 6 values, one 
can obtain a tree model size (number of terminal nodes) for 
which predictive performance is optimized for a particu- 
lar partitioning of observations Y. 

Interactions in Tree Based Models 

Tree based models automatically attempt to accomrno- 
date higher order terms and interactions among the 
covariates, thus making their use particularly appropriate 
when the structure of the data is complex. For example, 
suppose a root node splits on the covariate "Age" to create 
2 branches and 2 children nodes of the root node. If one of 
these children nodes splits on another covariate, "P", to 
form 2 more branches and 2 grandchildren nodes of the 
root node, then a form of an "Age:PU interaction results. 
Figure 2 shows this process. If the data structure is simple, 
then tree based models are less advantageous. If a simple 
linear relation among covariates satisfactorily explains the 
response Y, a tree based model is probably inappropriate. 

Methods 

We used 2 data sets in this study, the first was used by 
Bechtold et al., hereafter referred to as Data #1, and the 
second was used by Ruark et al., hereafter referred to as 
Data #2. 

Data #I contains information for 3 different pine stands 
(loblolly, shortleaf, and slash) and for each type there are 
data for "all" trees and "pine only" trees. In addition to 
analyzing gross growth for this set of data, we also ana- 
lyzed net growth. So 12 analyses were conducted on Data 
#l. The model used for these analyses is: 

where GG indicates gross growth and all other variables 
are described in table 1. 

The model for net growth is then: 

where NG is net growth and all other variables are de- 
scribed in table 1. Net growth is gross growth minus 
mortality. 

Data #2 comprises measurements of trees from 4 types 
of pine stands in Georgia (loblolly, longleaf, shortleaf, and 
slash pine) and 3 in Alabama (loblolly, longleaf, and 
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shortleaf). For each stand type, information on pine trees 
21.0 in. dbh and 25.0 in dbh was available; the latter is the 
merchantable or saleable component per Ruark et al. For 
each stand type, gross and net growth were modeled for 
trees 21.0 in. dbh; a total of 14 analyses. However, only 
gross growth was modeled for trees 25.0 in dbh, a total of 
7 analyses, because information on mortality for this sub- 
set was unavailable. Growth for Data #2 was modeled as 
indicated below: 

where the variables are described in the introduction, and 
i=1,5. 

Net growth was modeled by the same equation but with 
the response replaced by PSGl - Mortality. 

In the above models none of the variables are trans- 
formed and mortality appears (indirectly) only on the left 
hand side of the net growth model. As mentioned, trans- 
formations of covariates are unnecessary since tree based 
models are invariant to monotonic transformations of 
predictor variables, and there was no advantage in trans- 
forming the response. Secondly, Bechtold et al. used an 
interplay between mortality and density in their gross 
growth model to capture an effect that Nelson (1963) 
captured with a quadratic density term. Namely, that 
density increases to a threshold at which 
competition-related mortality begins to increase causing 
growth to decline. Tree based models automatically at- 
tempt to accommodate quadratic terms (and higher order 
terms and interactions if necessary) so we did not include 
mortality in our gross growth models. Instead, we ac- 
cepted a quadratic density term in the model if it helped 
explain gross growth. 

Our technique for analyzing Data #I and Data #2 can be 
subsumed under 2 broad headings. 1) Since our objective 
was to determine whether there is a change in growth rates 
from cycle 4 to cycle 5 (i.e., a cycle effect), we explained as 

much structure as possible by the covariates before testing 
for a cycle effect, so we accepted a slight overfit of the data. 
2) We performed a test of the cycle effect on growth after 
as much data structure as possible had been explained by 
the other covariates. The idea of removing confounding 
effects of covariates from the estimation of an effect of one 
particular variable using tree based procedures was also 
explored by Siu et al. (1985), though they used a tree 
growing procedure and testing technique different from 
ours. 

To fit a tree model using all covariates except cycle, one 
tests the predictive capability of the model to determine 
how much the overfit might be and then scales back the 
model if it appears too much. This judgment is somewhat 
subjective, but the criteria used to make it are described 
below. 

1. Tree based regression is carried out using the appro- 
priate model. 

2. The tree model is pruned using several criteria. 

a. Cross validation is performed on a tree sequence. 

i. The tree sequence is obtained by defining a 
vector of cost-complexity parameters (Clark 
and Pregibon 1993) 6, and pruning the tree 
model to a size determined by a value in S so 
that D, (T )  in equation (4) is a minimum. At 
each tree size of the sequence, a m-fold cross 
validation is performed, where m is determined 
to make subset size around an average of 25 to 
40. Subsets are formed by randomly subdivid- 
ing the observations into m groups of roughly 
equal size. A plot of a typical cross validation 
analysis is shown in figure 4. 

ii. The above step is carried out 500 times and at 
each iteration the size of tree where the mini- 

I I 

Figure 4. Shortleaf pine only, net growth 
I 

model (Data #I ) .  A 6-fold cross validation 
... with 6 = I ,  5, 9, 29, and the subsets 

chosen so that the first comprises the first 
......................................... 

29 observations, the 2nd the next 29 a 

observations, and so on with the last two 
subsets comprising 28 observations each. 
The root node deviance is the deviance of a -: a 

v 
one node tree (i.e., the sum of squares 
about the mean of all observations). 

............. Root node deviance 

, I I 

10 15 20 
\ 

tree model size (number of terminal nodes) 
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mum deviance occurred is recorded with its 
corresponding minimum deviance. The distri- 
bution of tree model sizes where minimum 
deviance is attained can be viewed via a plot of 
tree model sizes versus corresponding mini- 
mum deviance. The mode of the distribution of 
these tree sizes is easily obtained. A typical plot 
is shown in figure 5, which suggests that an 8 
node tree is appropriate (although 13 nodes 
could be considered if overfitting were not a 
major concern). One could interpret figure 5 as 
suggesting a 3 node tree, but it is unlikely that 
such a small tree model will capture the struc- 
ture inherent in the data. 

iii. Several plots of the type shown in figure 4 are 
viewed to determine the deviance fluctuation 
for changing tree model sizes. It is not unusual 
for the deviance curve to be fairly flat for a 

range of tree sizes, although in some cases the 
deviance fluctuates wildly with changing tree 
model size making interpretation difficult. Fig- 
ure 4 suggests an 8 to 10 node tree. 

b. A deviance curve for increasing tree model sizes 
is plotted (figure 6). This plot shows that deviance 
decreases sharply as tree size increases from 1 to 
around 10 terminal nodes and then begins to level 
out, which indicates that adding more nodes is 
having less effect on the overall tree deviance. 

c. Terminal nodes containing the most observations 
are identified and a linear regression of Y on the 
covariates is run for each node. Two models are 
used and in each variables are transformed 
(Bechtold et al. and Ruark et al.) to obtain approxi- 
mate linearity among response and covariates. 
Note that mortality is not used in any of our 

Figure 5. Shortleaf pine only, net 
i growth model (Data #I) .  Minimum .............................................. - .......................... L... ......................................................................................................................................... 

deviance versus corresponding tree 
model size for 500 iterations of 6-fold 
cross validations. The legend provides 
the number of times minimum 
deviance occurs for a particular size 
of tree model. 5 

............. root node deviance 

tree size (number of terminal nodes) 

Figure 6: Shortleaf pine only, net 120.00 31 .OO 9.70 

growth model (Data #I) .  Deviance 
curve for increasing tree sizes. The 2 8 

C O  

vertical lines indicate an area of the 
graph where the curve tends to flatten 
out, though this is a visual interpreta- 0 0 I. 

tion and somewhat arbitrary. 
Deviance falls fairly sharply until 

tree size reaches 8 to 13 terminal nodes 

tree size (number of terminal nodes) 
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models, and, for our net growth model, the re- 
sponse is log-transformed for both data sets but 
the age covariate in Data #1 is untransformed. The 
other covariates are transformed in the same way 
as the gross growth model. First, a regression is 
run on one predictor at a time. If any of the 
predictors are significant, it may indicate that the 
tree should be allowed to grow larger to explain 
this additional structure at the tested node. An- 
other regression is run within each node with all 
predictor variables in the model. If this model is 
significant, it may be that a limitation in the tree 
based model approach has been encountered since 
the splits are restricted to one variable at a time; 
splits on significant linear combinations of 
covariates are not allowed in our tree growing 
algorithm. In our analyses, if regression results 
show significance at terminal nodes, depending 
on how many associations are found between 
response and covariates, we force the model to 
split at these nodes, which allows the tree model to 
grow larger to capture this structure. Analyses in 
the results section are marked with a " * " if this 
occurred. 

3. A satisfactorily pruned tree is constructed by consid- 
ering the information obtained from the above steps. 
A plot of such a tree is in figure 7. The selected tree 
was pruned to 13 terminal nodes. For this particular 
tree model size, there are no covariate linear combi- 
nations that significantly explain the observations in 
either of the 2 most populated terminal nodes. 

4. We use a nonparametric procedure that does not 
require the response to be normally distributed to 
test for cycle effect (i.e., tree growth in cycles 4 and 5 
being significantly different). Testing for a cycle ef- 
fect differs from earlier analyses. As noted, we do not 
include the cycle indicator variable in our tree based 
models but construct a tree model to explain the 
overall relationship between response and covariates 
without the cycle term. This model places observa- 
tions into homogeneous groups (i.e., clusters of ob- 
servations having similar values for the covariates 
and, within these clusters, there is no strong evi- 
dence of a relation between response and covariates). 
Next, we test for cycle effect within the clusters 
employing a nonparametric permutation procedure 
(Mielke and Iyer 1982). This test is analogous to a 
block design analysis of variance where terminal tree 
nodes are blocks and cycle is the treatment factor. 
The permutation test procedure calculates a p-value 
for the null hypotheses H,: cycle effect=O. 

5. Finally, to compare this with more traditional tech- 
niques, all subsets regression by leaps and bounds 

Shortleaf Pine 

number. ine<584\ n~mber.~ine<332.5, n~mber.~/ne<l112\ / number.Tne>584 / number.pir332.5 / n u r n b e r , p ~ > l l l 2  

number. 'lnec866\ / numberp;ne>866 

Figure 7: Shortleaf pine only, net growth model (Data #I) .  A 
13 node tree. Rectangles are terminal nodes. The number 
inside the rectangle/oval is the predicted value (mean value) 
at that node. The number below the rectangles/ovals is the 
deviance at that node. 

(Furnival and Wilson 1974) was run on the pool of 
covariates created by the transformed covariates 
listed above (again excluding the term for cycle), 
their squares, and all 2-way interactions. The best 
model as ranked by Mallow's Cp was obtained and 
the deviance was computed. 

Thirty-three tree based models, corresponding to the 33 
analyses reported in this paper, were developed using the 
above steps. The results of these analyses are presented in 
the next section. We discuss results that are particularly 
interesting and present others in a table. 

Results and Discussion 

Results are in tables 2 through 5. Tree model sizes and 
their deviance are reported along with the results of the 
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permutation test of cycle effect=O. The adequacy of the 
tree model is judged as G=good, F=fair, and P=poor. Poor 
models were grown larger at populated terminal nodes to 
account for additional data structure at these nodes.(see 
the final note of item 2 above). This judgment is subjective 
and is based on the strength of associations between 
response and covariates at highly populated terminal 
nodes. A final column shows the deviance and degrees of 
freedom of a linear model selected according to item 5 in 
the Methods section. This deviance is in arithmetic units 

Table 2. Data #I : Gross growth analysis. 

and is corrected for log bias. Even though deviance cannot 
be accurately compared between tree based models and 
linear models, our tree based models have lower deviance 
than corresponding linear models. But linear models seem 
adept at capturing the structure inherent in the analyzed 
data sets. 

The 6 analyses for gross growth of DATA #1 offer 
conclusions regarding cycle effect that generally agree 
with Bechtold et al. although our evidence for a decline in 
gross growth of slash pine are more marginal. The net 

Tree model Tree model Adequacy Linear model 
deviance H,: cyc.effect =O of deviance 

Treelplot type Tree size (d.f.) p-value tree model* (d.f.) 

Loblolly-pine only** 23 

Loblolly-all trees 9 

Shortleaf-pine only 14 

Shortleaf-all trees 15 

Slash-pine only 10 

Slash-all trees 7 

*G=Good, F=Fair. 

**Further growth was required at one or more terminal nodes. 

Table 3. Data #I: Net growth analysis. 

Tree model Tree model Adequacy Linear model 
deviance H,: cyc.effect =O of deviance 

Treelplot type Tree size (d.f .) p-value tree model* (d.f.) 

Loblolly-pine only ** 13 

Loblolly-all trees 9 

Shortleaf-pine only 13 

Shortleaf-all trees 6 

Slash-pine only 10 

Slash-all trees 

*G=Good. 
\ 

**Further growth was required at one or more terminal nodes. 
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growth analysis of Data #1 revealed some interesting 
conclusions; the net growth of slash pine did not change 
significantly from cycle 4 to cycle 5. Since Bechtold et al. 
did not analyze net growth, these findings are not contra- 
dictory. 

Our analyses of gross growth of Data #2 showed some 
unexpected departures from the conclusions of Ruark et 
al. Georgia longleaf PSG5 gross growth did not signifi- 
cantly change (p-value=0.1063) from cycle 4 to cycle 5. 
Alabama loblolly PSGl gross growth did not appear to 
change either (p-value=0.2876). Ruark et al. showed Ala- 
bama loblolly PSG5 gross growth as not significantly 

Table 4. Data #2: Gross growth analysis. 

changing with cycle whereas our analysis showed signifi- 
cance (p-value=0.0360). Also in our study, Alabama short- 
leaf PSGl gross growth did not show a significant change 
with cycle (p-value=0.0869), but the p-value was suffi- 
ciently low so there is no serious departure from Ruark 
et al. 

Our net growth analysis of Data #2 revealed a signifi- 
cant change of growth with cycle in all tree types with the 
exception of Georgia longleaf PSG1, which showed 
growth rates between cycles being so similar that the 
p-value is very close to 1. The program that we used 
rounds the p-value up to 1.00 after it exceeds a certain 

Tree model Tree model Adequacy Linear model 
Treelplot type deviance H,: cyc.effect =O of deviance 

State Tree size (d.f.) p-value tree model* (d.f .) 

Georgia 

Loblolly - PSGl 

Loblolly - PSG5 

Shortleaf - PSG1 

Shortleaf - PSG5 

Longleaf - PSG1 

Longleaf - PSG5 

Slash - PSG1 

Slash - PSG5 

Alabama 

Loblolly - PSG1** 

Loblolly - PSG5 

Shortleaf - PSG1 

Shortleaf - PSG5** 

Longleaf - PSG1 

Longleaf - PSG5 

*G=Good, F=Fair. 

**Further growth was required at one or more terminal nodes. 
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threshold based on the test statistic and a skewness coef- of regression coefficients which are usually biased in the 
ficient. We are comfortable stating that the p-value is >0.9. direction of being too large." That is, even when a predic- 

Tables 6 through 8 detail tree models that produced tor variable is randomly generated without relation to a 
results somewhat different from prior analyses. Details response, it will be significant more frequently than ex- 
are shown for Georgia longleaf PSG5 gross growth, Ala- pected. 
bama loblolly PSGl gross growth, and the net growth The tree based methodology used in our analysis of the 
model of Georgia longleaf PSG1. Bechtold et al. and Ruark et al. data sets is an approximate 

inference procedure in the sense that the p-values re- 
ported by the analyses are not expected to beeexact. How- 
ever, for the procedure to be reliable for our application, 

Sensitivity Assessment tests of the effect of cycle on growth rates conducted using 
a nominal alevel should have an actual alevel that is close 
to the nominal value. To assess this closeness, we con- 

We assessed how sensitive our results were to the 
specific rule used to find a tree model (ignoring cycle), and 
whether or not the distribution of the covariates changes 
from one cycle to the next. When the same data set is used 
to determine a model and conduct inferences on coeffi- 
cients, certain biases are expected that are similar to those 
in typical multiple comparisons problem when testing 
several hypotheses. The reported p-values are sensitive to 
the model selection procedure and are unlikely to be exact. 
With regard to subset selection in regression, A. J. Miller 
(1990) states, "When the selected model is the best-fitting 
in some sense, conventional fitting methods give estimates 

Table 5. Data #2: Net growth analysis. 

ducted a small simulation study that is summarized be- 
low. 

We used the Bechtold et. a1 loblolly pine data set as a 
model for generating simulated covariate data (not in- 
cluding the cycle variable). The response variable, growth 
rate, was generated by using a linear model fitted to the 
actual data set. This linear model was obtained using all 
subsets regression by leaps and bounds (Furnival and 
Wilson 1974) on the pool of covariates (transformed as per 
Bechtold et. al. ), their quadratic terms, and 2-way interac- 
tions. The errors used were independently and identically 
distributed random normal variables with mean zero and 

Tree model Tree model Adequacy Linear model 
Treelplot type deviance H,: cyc.effect =O of deviance 

State Tree size (d .f .) p-value tree model* (d.f .) 

Georgia 

Loblolly - PSG1 

Shortleaf - PSG1 

Longleaf - PSG 1 ** 

Slash - PSGI 

Alabama 

Loblolly - PSGI ** 

Shortleaf - PSG1 

Longleaf - PSG1 

*G=Good, F=Fair. 

**Further growth was required at one or more termind nodes. 
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Table 6. Tree model details for Georgia longleaf PSG5 gross growth. Eight of the 12 nodes have y4.m>y5.m, but the remaining 4 
nodes, including the highly populated node 1, have y 4 . m ~  y5.m. Thus, the evidence for a growth decline is not very strong and 
the p-value for H,:cycle effect=O is 0.1063. 

node n4 n5 y4.m y5.m YJ" y4.sd y5.sd y.sd 

node=terminal node number. 
n4, n5=number of cycle 4 and cycle 5 observations in node. 
y4.m1 y5.m=mean of cycle 4 and cycle 5 observations in node. 
y.m=mean of all observations in node (also the predicted value for that node if cycle is ignored). 
y4.sd1 y5.sdl y.sd=corresponding standard deviations. 

Table 7. Tree model details for Alabama loblolly PSG1 gross growth. Of the 26 nodes, 3 do not have any observations from 
cycle 4. Sixteen of the remaining 23 nodes have y4.m>y5.m indicating a growth decline while the remaining 7 nodes have y4.m 
<y5.m. Nodes 14, 21, 22, and 23 have some high standard deviations indicating possible influence of outliers. We reran the 
permutation test after eliminating these nodes and obtained a p-value=0.2444, indicating that these nodes had only a minimal 
influence on the permutation test results. 

node n4 n5 y4.m y5.m Y -m y4.sd y5.sd y.sd 
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variance equal to the mean squared error from the leaps 
and bounds linear model. The generated response was the 
logarithm of the growth rate, so it was untransformed to 
obtain the true gross growth values. The cycle variable 
was generated by correlating it to a function of covariates 
(using the Bechtold et. al. loblolly pine data set as a model), 
but independent of the response. In different simulation 
runs, the degree of correlation between cycle and the 
covariates was varied so that 3 different scenarios were 
represented; no correlation, small correlation, and moder- 
ate correlation. The correlation between response and 
cycle would be present only through the covariates. Under 
these conditions, gross growth should be independent of 
cycle once the covariates were accounted for. In other 
words, the null hypothesis of no cycle effect is true for the 
simulated data. 

At each iteration (1000 total) of the simulation, data was 
generated, a tree model was constructed (based on the 
techniques described in the Methods section), and a test 
for cycle effect in the terminal nodes was performed with 
the permutation test. Some subjective judgement was 
used when analyzing the actual data sets to select a tree 
model. Subjective judgement was impossible in the auto- 
mated computer simulations, so with each iteration we 
grew a tree model using the S-Plus default tree growing 
algorithm (Clark and Pregibon 1993) and then pruned to a 
deviance approximately equal to a 20% increase in the 
deviance of the fully grown default tree model. In nodes 
with more than 30 observations, existence of linear rela- 
tions between response and covariates was checked as 
described in the Methods section. If significant relation- 
ships (p-valuel.08) were found, these nodes were further 
split in proportion to the number of significant covariates. 
We felt that this procedure would sufficiently mimic 
what was done during the actual data analysis. 

We found that when the covariates were unrelated to 
cycle, the reported p-values agreed with the actual p-values. 
When there was a moderate correlation between cycle and 
the covariates, the reported p-values were smaller by a 
factor of 2 or 3. We never found the actual p-value exceed- 
ing 0.05 when the reported p-value was 0.01 or smaller. 

Although the simulation study was not exhaustive, it 
suggests that caution should be used when interpreting 
p-values based on the tree regression methodology. We 
would not claim a significant cycle effect unless the asso- 
ciated p-value was 0.01 or smaller. 

Summary 

The Bechtold et al. and Ruark et al. data sets were 
analyzed using tree based regression models and non- 
parametric permutation tests for cycle effect. Of impor- 
tance is the screening criteria used to select the sample 
plots of pine stands. Actual populations of inference to 
which these results apply are unknown because sample 
plots were carefully screened to make the samples for the 
2 periods comparable. Our results generally agreed with 
those of the previous authors. 

Tree based models make few assumptions and provide 
a viable alternative to standard regression methodology. 
The methodology used here can also be used when the 
significance of a specific covariate is in question. This 
methodology is a useful, robust (i.e., not restricted to 
model assumptions that include assumed model forms 
and assumed distributional forms of the data), and inter- 
pretable approach for examining whether change has 
occurred over time in variables of interest in large-scale 
survey data sets. 

Table 8. Tree model details for Georgia longleaf PSGI net growth. Node 9 has no stands from cycle 4. Of the remaining 11 
nodes, 6 have y4.m>y5.m while 5 have y4.rn~y5.m~ which suggests that there is no evidence of a growth decline. The p-value 
b 0 . 9 .  

node n4 n5 y4.m y5.m Y.m y4.sd y5.sd y.sd 
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