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An Adaptive Analysis of Covariance
Using Tree-StructuredRegression
G. L. GADBURY, H. K. IYER, and H. T. SCHREUDER
In this article,we propose an adaptiveprocedurefor testing for the effect of a factor
of interestin the presence of one or more confoundingvariablesin observationalstudies.
It is especially relevantfor applicationswhere the factorof interesthas a suspectedcausal
relationshipwith a response. This procedureis not tied to linear modeling or normaldistributiontheory, and it offers a valuable alternativeto traditionalmethods. It is suitable
for applicationswhere a factor of interest is categorical and the response is continuous.
Confoundingvariablesmay be continuousor categorical.The methodis comprisedof two
basic steps thatareperformedin sequence.First,confoundingvariablesalone (i.e., without
the factor of interest)are used to group observationsinto subsets. These subsets have the
propertythat, when restrictedto a subset, there is little or no remainingvariationin the
response that is attributableto the confoundingvariables.We then test for the factor of
interestwithin each subset of observations.We proposeto implementthe firststep using a
regression.We use a nonparametric
techniquethatis generallyreferredto as tree-structured
permutationprocedureto carry out the second step. The proposed method is illustrated
throughan analysis of a U. S. Departmentof Agriculture(USDA) Forest Service data set
and an air pollutiondataset.
Key Words: Classificationand regressiontrees;Nonparametric;Permutationtest; Tree.

1. INTRODUCTION
A common problem faced by scientists in many fields is the assessment of the effect
that a factor has on a response using data collected in observational studies. The problem
can become complicated if it is suspected that other variables (confounding variables) are
also affecting the response in addition to, or instead of, the factor in question. In this case,
one needs to study the dependence of the response on the factor of interest conditional on the
confounding variables. If data are available on the confounding variables, then a customary
approach to this problem is the use of analysis of covariance techniques.
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Traditional analysis of covariance assumes that the conditional expectation of the response, given all the covariates, is of a known form. Typically, a linear model relationship
is assumed. Under normality assumptions, exact tests are available for the effect of the test
factor conditional on the covariates.
In practice, the form of the relationship between the response and covariates is unknown
and could be complex. This was true of some U.S. Department of Agriculture (USDA) Forest
Service Forest Inventory and Analysis (FIA) data sets that motivated the method described
in this article. These data were obtained from surveys of forest resources over time. Growth
rates for pine stands in the southeastern United States were recorded in consecutive 10-year
periods in addition to several covariates that represented structural characteristics of the
pine stands. The interest was in determining if tree growth rates changed from one 10-year
period to the next after accounting for changes in stand structure.
Since the true form of the relationship between the response and covariates was unknown, the investigation required two steps: (1) a model-building step and (2) a testing step.
In general, P-values calculated using such adaptive procedures will not be exact. Bechtold,
Ruark, and Lloyd (1991) analyzed these data using traditional analysis of covariance. They
transformed covariates as suggested by diagnostics in order to obtain a good model and
then tested for a change in tree growth rates (conditional on the covariates) using normal
distribution theory.
In this article, we propose an alternative adaptive procedure to investigate the effect
of a factor on a response, conditional on covariates. This procedure requires minimal assumptions regarding the distributional form of the data and minimal assumptions regarding
the form of the model relating covariates to the response. Our method is suitable as an
analysis of covariance procedure for applications when the response variable is continuous
and when the factor in question is categorical. Confounding variables can be categorical
or continuous. The method is particularly suited to applications where there is a suspected
cause-effect relationship between the factor of interest and the response.
We use tree-structured regression for the model-building step and a permutation test
for the testing step. After describing our proposed method, we illustrate the method using
an USDA FIA data set. Results of a simulation study reported elsewhere (Gadbury, Iyer,
Schreuder, and Ueng 1998) indicate that the type I error rate of the proposed procedure was
sufficiently close to the nominal values to make the procedure viable for practical use. We
then demonstrate the flexibility of the procedure by using it with the air pollution data that
were analyzed in McDonald and Schwing (1973). We conclude with a discussion.

2. PROPOSED METHOD
Consider a model of the form
Y=

f(X,.

. . ,Xp,Xp)

+E

f(X, Xp) +',

(2.1)

where Y indicates a continuous response variable, X = (X1, . . ., Xp_1i) are confounding
variables that we will simply refer to as covariates, and e is a random error component. We

44

G. L. GADBURY,H. K. IYER,ANDH. T. SCHREUDER

refer to the factor of interest, or the test factor, as Xp. First, we use covariates to construct
a predictive model. This model divides data into, say, K subsets of observations such
that, within each subset, there is very little remaining variation in the response that can be
explained by X. Variation in Y predominantly occurs across subsets. We then determine if
the test factor, Xp, significantly reduces any remaining variation in Y within each subset.
The two steps we use-building

a model relating the response to the covariates and then

including the test factor to determine its effect on the response given the covariates-are
sequential steps. In standard analysis of covariance, the test factor is included in the initial
model building step. If the model-building step involves a variable selection procedure and
Xp is included in the pool of predictors, there is a possibility that the test factor will mask
the role of one or more observed covariates in explaining the variation in response. Since
our null hypothesis is that the test factor has no effect on the response variable, we attempt
to find a best model without XP so that the pattern in the response variable is explained by
patterns in the covariates, even if a slight overfit of the data occurs. With this model, we can
then feel reasonably certain that any possible effects of observed confounding variables,
X, have been considered before testing for the effect of Xp. This is not to say that there
might not be other unobserved covariates that might also explain the pattern in the response.
The potential for unobserved covariates and resulting hidden biases is a characteristic of
observational data that will not be considered furtherhere. See Rosenbaum (1995) for details
on unobserved covariates and resulting hidden biases.

2.1 DEVELOPING A MODEL TO PREDICT Y USING X

We use tree-based models or tree regression to fit the response variable to covariates
X. Tree-based models can be used to study both classification and regression problems
and, thus, are often referred to as classification and regression trees (CART) (Breiman,
Friedman, Olshen, and Stone 1984).
We use tree regression to group observations into subsets such that, within each subset,
there is very little remaining relationship between the response variable and confounding
variables. (See Breiman et al. (1984) for details of classification and regression trees and
Clark and Pregibon (1993) for a description of the S-Plus implementation of CART that
we used.) We describe the steps that we used to construct the tree model and include an
overview of certain tree regression procedures, as needed, along the way.
The Model-Building Step
Our model-building procedure is described below and involves two basic steps, (1)
constructing a tree regression model and (2) refining the model.
(1) Tree-structured regression is carried out using all variables except Xp. Initially, all
of the n observations are in one group, say Go, called the root node of the tree model. Let
the mean of the n response values in Go be -0. Then -0 is a prediction for observations in
Go.
The sums of squared deviations about the mean of observations in a node is called the
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deviance for a node. We use the term deviance to remainconsistent with terms in S-Plus
(Clarkand Pregibon 1993). The deviancefor a node Gk is given by
nkc

=

D(Gk)

9 )

(Yiki=1

where

nrk

is the number of observations in Gk and Yk is the mean of the response values in

G. The observations in Go are divided into two groups or nodes, GO and G2, on the basis
of a selected value of a covariate, say x0. Observations with a value of this covariate less
than or equal to xo are grouped into GI, and observations with a value greater than x0 are
grouped into G2. The tree regression procedure selects this covariate and this value, xo, so
that the quantity
D(Go)

-

D(G1)

-

D(G2)

is maximized, i.e., a maximum reduction in deviance is obtained. The algorithm continues
in this manner to divide data in one node into two nodes until one of two termination criteria
is met. When a termination criterion is satisfied for a particular node, then that node will
not divide further and is called a terminal node of the model. The size of the model refers
to the number of terminal nodes in the model, and the deviance of the model is the sum of
all terminal node deviances. The two termination criteria for a node, say Gk, are
(a) The number of observations in Gk, nk, is too small to justify further divisions, i.e.,
nk

<

nmin-

(b) The response values in Gk are nearly homogeneous when compared with
observations in the root node Go. This can be controlled by specifying -y in the
condition D (GOk)< D (Go). This criterion is somewhat analogous to determining
how many higher order terms and interactions to include in a linear regression
model.
The two values nmin and -y are tuning constants that determine how many terminal
nodes the tree regression procedure will produce. The second criterion involving -y does
not incorporate the number of observations in Gk. If some test of deviance was of interest,
one might opt to change the criteria to compare mean square error of Gk with that of the
root node. However, no testing is done to determine if a division of data was warranted at a
particular node. The termination criteria are set to favor overfitting, rather than underfitting,
the data, i.e., nmin is set to a small number (10 is the default) and -yis set to a small number
(0.01 by default). One could set nmin = 2 and -y = 10-1o, thus producing a model that fits
the data exactly, but this will generally entail unnecessary computation. Usually with the
default values of nmin and -y,many divisions of nodes may not have been necessary and the
resulting tree model size will likely be larger than needed. So the model is refined using a
technique called pruning the tree model. This technique is analogous to backward stepwise
selection

in linear regression.

(2) A tree model can be pruned by observing which divisions of the data do not
contribute to a large reduction in deviance. The pruning function is automated as follows.
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Figure 1. Shortleaf Pine: Deviance Curve for Increasing Tree Model Sizes. The two vertical
lines indicate an area of the graph where the curve tends to flatten out, though this is a visual
interpretation and therefore is somewhat arbitrary.

Denote the tree model from step 1 as T and let the deviance of this tree model be D(T). Clark
and Pregibon (1993) define a quantity D6 (T), which we will call the penalized deviance
for the model T, by
D6 (T)-

D(T) + 6 size(T),

(2.2)

where d is a penalty factor called a cost-complexity parameter and size(T) is the number
of terminal nodes in T. The quantity in (2.2) is analogous to Mallows Cp in the linear
regression framework. For a given value of 6, the size of the tree model is determined
in order to minimize D6 (T). Divisions of the data that contribute least to a reduction in
deviance are eliminated from the model. Note that there is a direct relationship between a
and the size of the model. A large value of ( will yield fewer terminal nodes. If ( = 0, then
there is no penalty for the model size and no pruning takes place. So a is another tuning
constant that determines how much a tree model is pruned. The question of interest is how
large to make a so that the tree model size is optimal in some sense. A value of 6 was
selected and, hence, the size of the model, through two techniques described below.
Technique 1: A Tree Deviance Curve. A tree deviance curve is a plot of the model
deviance on the vertical axis versus the corresponding size of the model, which is shown
on the lower horizontal axis (corresponding 6's for a particular model size are shown on the
top horizontal axis). A plot of this type is shown in Figure 1. The deviance of a tree model
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becomes smalleras the numberof terminalnodes increases for the same reason that, in a
linearmodel, R2 becomes largeras more predictorsare addedto the model. The deviance
curve shows how quickly the deviance drops as the model grows out of the root node. As
the size of the model becomes larger,one can see thatreductionsin deviancebecome much
less and that, eventually,very little reductionsin deviance are gained by adding terminal
nodes. Fromthis type of plot, one can select the size of the model where the deviancecurve
tends to become horizontal.This is a subjectiveassessment,althoughthereare criteriathat
can be used to quantify the value of adding additionalterminalnodes to the model. For
instance, if T is a model resultingfrom step 1 and T' is a model that has been prunedto
a particularvalue of 6, then 1 - D(T')/D(Go) is analogous to the R2 criterionin linear
regression.
Technique 2: Cross- Validation. We then perform an m-fold cross-validationas
described in Clark and Pregibon (1993). Data are randomly separatedinto m subsets
(m > 2) of approximatelyequal size, say ns. One subset is held back or retainedand
a tree model is constructedusing the data in the other m - 1 subsets. The tree model is
prunedto a fixed value of 6, and the resulting model is used to predict the responses in
the subset thatwere not used when buildingthe model. The sum of the squaredprediction
errorsis computed.This is done for each of the m subsets of the datafor thatfixed value of
6. The resultingsquaredpredictionerrorsare all summedtogetherand is called the crossvalidationdeviance. This process is repeatedfor a range of 6 values that can be selected
from the tree deviance curve, i.e., the range of 6 should correspondto tree model sizes
shown in the tree deviance curve. A plot of the cross-validationdeviances (on the vertical
axis) against 6 (on the top horizontalaxis) and size(T) (on the lower horizontalaxis) is
called a cross-validationdeviance curve. This plot is illustratedin Figure 2 and addressed
furtherin Section 3.1. The plot will suggest a value of 6 and, hence, it will suggest the size
of a model with the minimumcross-validationdeviance. Choosing m too small (i.e., 2 or
3) may result in a cross-validationcurve being too erraticand difficultto interpret.A large
value of m will producea smoothercurvebut does requiremore computationaltime. Clark
and Pregibon(1993) give an example using m = 10.
A cross-validationdeviance curve depends on the randomseparationof data into m
subsets. It is likely that two cross-validationdeviance curves will be quite differentfor
the same data set. Cross-validationdeviance curves can be somewhat erraticdue to the
discontinuousnatureof deviance for changing tree model size. For this reason, a large
number,say B, of m-fold cross-validationson the same dataset can be performed,and for
each one, the model size with the minimumcross-validationdeviancecan be recorded.The
resultwould be a distributionof model sizes where the minimumcross-validationdeviance
occurred.An example plot of minimum cross-validationdeviances versus model size is
shown in Figure 3, and it is discussed furtherin Section 3.1. One may decide to select a
model size correspondingto the mode of the distributionof minimumdeviancesbut, again,
this selection is somewhat subjective. Only the model sizes correspondingto minimum
cross-validationdeviance are shown in Figure 3. It is possible that the cross-validation
deviance is only slightly largerfor largermodels, and this possibility can be assessed by
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Figure 2. Shortleaf Pine: A Sixfold Cross-Validation With 6 = 1,5,9,...,29
Chosen So That the First Subset Is the First 29 Observations, the Second Subset the Second 29
Observations, and So on, With the Last Two Subsets Having 28 Observations Each. The root
node deviance is the deviance of a one-node tree model (i.e., the sum of squares about the mean
of all observations).

viewing several cross-validation plots like Figure 2. Since our objective was to use the model
to capture the structure between the response and confounding variables before testing for
the factor of interest, we often favored models with a size slightly larger than the size
coffesponding to the mode of the distribution of minimum deviances.
The choice of B is determined by the investigator, but it should be large enough to
establish a pattern of optimal model sizes as determined by cross-validation. This process is
computationally intensive, and large B can require substantial computing time, particularly
if m is also large. The S-Plus function to perform this multiple m-fold cross-validation is
available from the first author.
The results of the above steps allow the investigator to select a best size for the tree
model. At this point, we have done nothing with the test factor, Xp. This factor will now be
introduced within terminal nodes of the tree model. The objective is to determine if Xp is
statistically significant for explaining any remaining pattern in the response values.

2.2 TESTING THE SIGNIFICANCE OF XP

The test in which we are interested is analogous to a block design analysis of variance
where grouped observations are blocks and the factor of interest is the treatment variable.
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Parametric F-tests, allowing for unbalancedconditions, could be employed (Christensen

1987, Chapter7). Alteratively, formsof nonparametricranktests could be used (Lehmann
1975, p. 138).
We used a permutationtest procedure reported in Mielke and
Iyer (1982). This
no
it
and
accommodates
a lack of balance
procedurerequires parametricassumptions,
in terminalnodes. The procedurefirst aligns the blocks (i.e., terminalnodes) and then
collapses them. It then performsthe usual permutationtest for a completely randomized
design. Thetest statisticis comparedwith thereferencerandomizationdistributionunderthe
null hypothesis.This is an approximatetest. An exact test would requirea randomizationbased test accounting for block structure.However, this would require a Monte-Carlo
approximationdue to the large number of possible permutations,and this would be
somewhat user dependent. With the procedure of Mielke and lyer (1982), when the
exact reference distributionbecomes intractabledue to a large data set, a Pearson type
III distribution(matchingof moments) is used to approximatethe reference distribution
(Mielke, Berry,andBrier 1981), therebyreducingthe computationalburden.The procedure
reportsa P-value for the null hypothesisthatXp,has no effect on the responsevalues once
the confoundingvariables (Xl, . .. ,Xp-1) have been accountedfor. The Fortrancode to
conduct this test is availablefrom the first author(courtesyof Mielke and lyer, referenced
above). The tree-regressionprocedureand the permutationtest are now illustratedin two
examples.
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3. EXAMPLES
3.1 A FORESTRY EXAMPLE

The first example data set was collected from the fourth cycle (spanning the years 19621972) and the fifth cycle (spanning the years 1972-1982) of USDA Forest Inventory and
Analysis (FIA) measurements in Georgia. The objective of the analysis was to determine
if there was a change in tree growth rates from the fourth cycle to the fifth cycle (hereafter
referred to as a cycle effect). A sampled unit is a stand of trees, sometimes called a plot.
The data are described in Table 1, and the data set is available from the first author. A more
detailed description of the data is available in Bechtold et al. (1991). It is important to note
that the data are not paired data. The two samples of stands from the fourth and fifth cycles
were independent samples. There are various reasons for this that are discussed in Bechtold
et al. (1991). Essentially, changes in the use of stands and destruction of stands from one
10-year period to the next made it very difficult to follow the same set of stands from
one cycle to the next. Of the 172 observations in this example data set, only three stands
reappeared in the fifth cycle, and since the structure of a stand will change dramatically
from one cycle to the next, we believe it is of limited value matching these stands.
Bechtold et al. (1991) chose gross growth (GG) as their response variable, though net
growth (NG) is an alternative candidate for a response variable. So Table 1 describes two
available response variables (GG, NG) and five confounding variables (S, A, N, P, M).
The mortality covariate (M) is part of the net growth response, NG. In an earlier report,
the Bechtold et al. (1991) data sets were analyzed for three stand types (loblolly, slash, and
shortleaf) and for both response variables (GG, NG) using the tree-regression procedure
with the permutation test (Gadbury et al., 1998). We illustrate these procedures using the
data set for shortleaf pine, and we chose net growth, NG, as our response variable. For the
data analyzed, our tree regression model was
NGC= f(A, N, S, P) +.

(3.1)

Our first task was to group observations into subsets using model 3.1 and then to introduce
the test factor for cycle effect, Xp, where
X
XP

0
1

for observations in cycle 4
for observations in cycle 5.

Table 1. Variable Descriptions of Bechtold et al. (1991) Data Sets
GG = gross annual basal area growth per acre (survivor growth + ingrowth)
M= annual basal area mortality per acre of trees >1 in. dbh (diameter breast height)
alive at initial inventory that die from natural causes priorto terminal inventory
NG= net growth (GG - M)
S = site index representing volume growth potential (S represents 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

(3.2)
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Tree-structured
regressionwas performedon the databased on the model in (3.1), and
the resultingtree regressionmodel, before pruning,had 27 terminalnodes and a deviance
of 365.6 (in squaredunits of the response NG). Default S-Plus values, nmin = 10 and
y = 0.01, were used to constructthis model. As stated before, models will be too large
since the terminationcriteriaof the tree regressionalgorithmare set to allow a largemodel.
The tree deviancecurvefor this dataset is shown in Figure 1. This curve suggests thatonly
slight reductionsin deviance are obtainedafterthe tree model size increasesbeyond about
13 nodes, thoughthis is a subjectivevisual assessment.
The 27-node model was then pruned.An m = 6-fold cross-validationwas used so that
there were about ns = 29 observationsin each of six subsets. Figure 2 shows a sample
of one cross-validationdeviance curve. Several such plots were viewed to determinehow
much the tree model cross-validationdeviance fluctuatedfor changing tree model sizes.
The particularplot shown in Figure2 seems to suggest an 8-10-node model, thoughthis is
only one cross-validationresult.
A plot of the distributionof the optimal tree model sizes, as determinedby crossvalidationdeviance,for each of B = 500 cross-validationsis shown in Figure3. The mode
of the distributioncorrespondsto an eight-node tree model. However,there are 51 cases
where the minimumcross-validationdeviance occurredfor a 13-node tree model. This is
roughly 10%of B, andwe tendedto favorthis largermodel since we preferto accepta slight
overfitof the model to the datafor reasonsdiscussed earlier.The numbersin the legend of
Figure 3 sum to 541. For some cross-validations,two values of 6 could have corresponded
to the same tree model size. If this model size correspondedto the minimumdeviance for
thatcross-validation,it would havebeen countedtwice in the S-Plus functionthatproduced
the plot.
The tree model we chose for this data set is shown in Figure4. The resultingdeviance
for the 13-nodemodel was 414 (squaredNG units).At this point,the cycle effect was tested
within terminalnodes of the tree model using the permutationprocedure.In the procedure,
the 13 subsets were aligned, then collapsed, and a permutationtest for a cycle effect was
performed.The reportedP-value was for a two-sidedalternativeagainstthe null hypothesis
that there was no cycle effect. The P-value was equal to 0.012, suggesting that there was
evidence in the data that stand net growthrates changed from one cycle to the next after
effects of othercovariateshad been takeninto account.
As mentionedearlier,Bechtold et al. (1991) did not analyze the net growthresponse
variable,but Ueng, Gadbury,and Schreuder(1997) analyzednet growthfor this same data
set using a robustlinearmodel-fittingprocedureto determinea best model. Forcomparison,
they reporteda P-value of 0.0051 for the same hypothesisand for this same data set.
There were no requiredassumptionsregardingthe distributionalform of these data.
Another advantageis that no form of the model was assumed a priori. The tree model
algorithm suggested a form based on data values. Higher order terms and interactions
were automaticallyaccommodatedwhen the tree model includedmultipledivisions of the
databased on the same covariate.Furthermore,the tree model was invariantto monotonic
transformationsof covariates,and outliers only affected the particularnode in which they
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Figure 4. Shortleaf Pine: A 13-Node Tree Model. 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.

resided, as opposed to a linear model, where they may affect the entire model. For these
reasons, we feel that this procedure is a useful technique to perform analysis of covariance
on large survey data sets like this one where relationships among variables appear to be
complex.
The adaptive methodology described in this article is clearly an approximate inference
procedure in the sense that the P-values reported by the analysis are not expected to be
exact. However, for the procedure to be reliable for our application, tests of a cycle effect
on growth rates conducted using a nominal a level should have an actual a level close to
the nominal value. In order to assess this closeness, we conducted a small simulation study,
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reportedin Gadburyet al. (1998). The FIA data sets were used as models to generate
simulateddata.The simulationresultsprovidedsome evidencethatreportedP-values using
these techniqueswere close to actualP-values even when therewas a fairlyhigh correlation
between cycle and the covariates.

3.2 AIR POLLUTION EXAMPLE

McDonaldand Schwing (1973) analyzeda dataset to assess the effect of airpollutants
on age-adjustedmortality.There are 16 variables and 60 observationsin this data set,
and it is availableat the internetsite http: //lib. stat. cmu.edu/datasets. One can
see McDonald and Schwing (1973) for a more detailed descriptionof the data. Here we
referenceonly those variablesrelevantto this analysis. The response variableis MORT,
which is the total age-adjustedmortalityrate expressedas deathsper 100,000 population.
The interestis in determiningif certainpollutantsarelinkedto increasedmortality.Thereare
three pollutantvariables:the relativepollutionpotentialof hydrocarbons(HC), oxides of
nitrogen(NO,), and sulfurdioxide (SO2). The 12 confoundingvariablesrelateto various
weather and socioeconomic measuresin each of the 60 standardmetropolitanstatistical
areas(SMSA) where the datawere obtained.
McDonald and Schwing (1973) found no association between MORT and the two
pollutantsHC and NO,. This agreedwith our analyses using the methodsin this article.
McDonaldand Schwing (1973) found a substantialpositive associationbetween SO2 and
MORT. They used a variableselection methodusing the ridge trace,and it resultedin the
model
MORT= 988.4 + 1.487PREC-+ 1.633JANT- 11.533EDUC
+ 0.004DENS+ 4.145NONW+ 0.245SO2 + E,

(3.3)

where PREC is mean annualprecipitation(inches), JANT is mean Januarytemperature
(degrees F), ED UC is medianschool years completedfor those over 25 in 1960, DENS
is populationper squaremile in urbanizedarea in 1960, and NONW is percentnonwhite
populationin urbanizedareain 1960.
We fit a tree model using MORT as the response variable and all 12 confounding
variablesas covariates(i.e., we did not includeanypollutantvariablesin the model-building
step). Since the numberof observationswas only 60 and since the root node deviancewas
large (228,300 in squaredMORT units), we set nmin = 6 and a = 0.0001 in step 1 of
the model-buildingprocedure.The result was a 16-node tree model with a deviance of
23,820. Using the tree deviancecurve andthe cross-validationprocedurediscussedearlier,
we selected a nine-nodetree model that we designateas Tg. Incidentally,cross-validation
deviancecurvestendedto show a low cross-validationdeviance(i.e., close to the minimum)
for models even largerthan nine nodes, but nine nodes seemed sufficientfor our analysis.
The deviancefor Tg is 38,310 andthe value of 1 - D(T9)/D(Go) is 0.83. As a comparison,
the value of R2 for a linearregressionmodel fittingMORTto all 12 confoundingvariables
is 0.72.
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Figure 5. Air Pollution Data. Mortality values within each of nine terminal nodes of a tree
regression model. High and low values of SO2 are determined by whether an observation is above
or below the median S02 value.

Our selected model, Tg, used five confounding variables, four of which are included in
the model given by Equation (3.3). Our model did not use JANT but did use the variable
POPN, which is the population per household, 1960. The structure of the model suggested
that there are interactions among confounding variables. For example, an interaction
between NONW and ED UC was apparent.
We created a dichotomous test factor by collapsing SO2 into two categories determined
by whether an observation's S02 levels were above or below Mso2, the median of the 60
S02 values, i.e., the value of the test factor for an observation i, Xpi, i = 1,..., 60, was
determined by

xp

fO
1

if SO2 '< MS02
if SO2 i > MS02

(3.4)

The permutation procedure then tested for the effect of Xp on MORT within terminal
nodes of Tg. The P-value from the test was 0.348, providing no evidence of an association
between S02 levels and MORT after adjusting for confounding variables.
Figure 5 shows a plot of the mortality values in each terminal node of Tg. Two plotting
characters were used to identify observations with high values of S02 (i.e., with Xp = 1)
and those with low values of S02 (Xp = 0). The plot does not reveal any visual systematic
pattern within terminal nodes between high and low S02 values and corresponding mortality
values.
An information loss occurred when the continuous variable SO2 was collapsed into
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two levels. For this reason, we conductedan alternativetest within terminalnodes of Tg.
Let Ii,j be an indicatorvariablethat is equal to one if observationi is in terminalnode j,
i

1... . 60 and j

1, ..

9. We fit the linear model
MORT,

= aj

Iij

+ J

SO2i

+Ei;

i.e., the terminalnode of the tree model was a blocking variableand we assumed equal
slopes of the regressionmodel relatingMORTand SO2 withinterminalnodes. Diagnostics
did not indicate any serious departuresfrom normalityassumptions.The P-value of the
test, Ho: 3 = 0, versus a two-sided alternativewas 0.101, which indicatedonly marginal
evidence of an associationbetween MORT and S02Finally,we aligned the terminalnodes of Tg by subtractingthe mean response within
each terminalnode fromthe observationsin thatnode.Wethenperformeda linearregression
of the aligned MORTresponseson S02. Again, no significantassociationbetween MORT
and S02 was detected (P-value = 0.136).
The structurein this data set appearsto be complex and our approachis particularly
suited to such data. But one might arguethat our approachis conservativesince we only
use confoundingvariablesin the model-buildingstep before considering S02. This was
intentionalbecause we feel that an apparentassociation between S02 and mortalitywill
often be perceivedas a cause-effect relationship.
We conclude that these data do not provide convincing evidence of a link between
S02 and mortalityonce confoundingvariableshave been taken into account. This does
not mean thatthereis no such link. One might need to resortto othercriteriaoutside these
datato strengthenthe claim thatthereis a causal connectionbetween high S02 levels and
mortality.For instance,see Hill (1965) and/orSusser (1988).

4. DISCUSSION
We have described an analysis of covarianceprocedurethat requires very minimal
assumptionsabout the data. Tree regressionwas used to adjustfor possible confounding
effects of covariates,and a permutationprocedurewas used to test for the effect of a factor
of interest,conditionalon the covariates.If the data were paireddata,the procedurecould
be adaptedby alteringthe permutationtest to one thatrandomizesthe sign on observations
in terminalnodes.
The procedurewas illustratedin two examples.In the forestryexample,thereremained
a significantchangein treegrowthratesafteradjustingfor the covariates.In the airpollution
example, the effect of S02 on mortalitywas confoundedwith effects of weathervariables
and socioeconomic variables. There was little remaining association between SO2 and
mortalityafteradjustmentfor covariates.
A limitation of the standardtree regression technique is that the covariate space is
divided into hyperrectanglesby the standardprocedureof dividing data into subsets. This
may not be effective if, e.g., the relationshipbetween the responseand covariatesis highly
linear.Consideran extremecase, Y = X. In this case, the standardtree growingalgorithm
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will divide data based on the same covariateX multipletimes while trying to capturethe
structurebetween Y and X. To addressthis possibility,some have suggestedallowing the
data to divide on linear combinationsof the variables(cf., Breimanet al. 1984). In more
complicatedexamples,determininga bestlinearcombinationof variableson whichto divide
the datacan be difficult.Breimanet al. (1984) describedan algorithmthatsearchesfor such
a linear combination.Drawbacksare increasedcomputationtime, loss of interpretability,
higher cross-validatederrors, and the fact that the tree model is no longer invariantto
monotonic transformationsof predictorvariables(Breimanet al. 1984). We felt that, for
our application,the advantagesof standardtree regressionoffset the limitation.
The standardprocedureuses a reductionin sums of squaresaboutthe meanas a criteria
to determinewhere to divide the data into subsets. Othershave suggested least absolute
deviations(LAD) as an alternativecriteria(Breimanet al. 1984) thatwould likely be more
robustwhen thereare extremeoutlying observationsin the responsevariable.
In summary,the method reportedin this article appearsto be a useful, robust (not
restrictedto model assumptionsthat include both assumed model forms and assumed
distributionalforms of the data), and interpretableapproachto examine whethera factor
of interest(e.g., a treatment)affects a response or whetherchange has occurredover time
in variablesof interestusing large-scale survey data sets when confoundingvariablesare
present.
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