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Abstract

A classification or regression tree is a prediction model that can be represented

as a decision tree. This article discusses the C4.5, CART, CRUISE, GUIDE, and

QUEST methods in terms of their algorithms, features, properties, and performance.

1 INTRODUCTION

Classification and regression are two important problems in statistics. Each deals with the
prediction of a response variable y given the values of a vector of predictor variables x. Let
X denote the domain of x and Y the domain of y. If y is a continuous or discrete variable
taking real values (e.g., the weight of a car or the number of accidents), the problem is called
regression. Otherwise, if Y is a finite set of unordered values (e.g., the type of car or its
country of origin), the problem is called classification. In mathematical terms, the problem
is to find a function d(x) that maps each point in X to a point in Y . The construction of d(x)
requires the existence of a training sample of n observations L = {(x1, y1), . . . , (xn, yn)}. In
computer science, the subject is known as supervised learning. The criterion for choosing
d(x) is usually mean squared prediction error E{d(x)−E(y|x)}2 for regression, where E(y|x)
is the expected value of y at x, and expected misclassification cost for classification.

If Y contains J distinct values, the classification solution (or classifier), may be written
as a partition of X into J disjoint pieces Aj = {x : d(x) = j} such that X = ∪J

j=1
Aj . A

classification tree is a special form of classifier where each Aj is itself a union of sets, with
the sets being obtained by recursively partitioning the x-space. This permits the classifier to
be represented as a decision tree. A regression tree is similarly a tree-structured solution in
which a constant or a relatively simple regression model is fitted to the data in each partition.
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Table 1: Variables in the car dataset

Name Definition Values (#unique values in parentheses)
Region Manufacturer region Asia, Europe, or U.S. (3)
Make Make of car Acura, Audi, etc. (38)
Type Type of car Car, minivan, pickup, sports car, sport

utility vehicle, or wagon (6)
Drive Drive type Front, rear, or four-wheel drive (3)
Rprice Suggested retail price U.S. dollars (410)
Dcost Dealer cost U.S. dollars (425)
Engnsz Size of engine liters (43)
Cylin Number of cylinders -1 for the rotary-engine Mazda RX-8 (8)
Hp Horsepower hp (110)
City City miles per gallon miles (29)
Hwy Highway miles per gallon miles (32)
Weight Weight of car pounds (347)
Whlbase Length of wheel base inches (40)
Length Length of car inches (66)
Width Width of car inches (18)

To illustrate, consider a dataset on new cars for the 2004 model year from the Jour-

nal of Statistics Education Data Archive (www.amstat.org/publications/jse/jse_data_
archive.html). After filling in missing values and correcting errors, we obtain a dataset
with complete information on 15 variables for 428 vehicles. Table 1 gives the definitions of
the variables and Figure 1 shows two classification trees for predicting the Region variable,
i.e., whether the vehicle manufacturer is from Asia, Europe, or the U.S. (there are 158 Asian,
120 European, and 150 U.S. vehicles in the dataset). Each intermediate node has a condition
associated with it. If an observation satisfies the condition, it goes down the left branch; oth-
erwise it goes down the right branch. Each leaf node is labeled with a predicted class, with
cross-hatched, light gray, and dark gray denoting Asia, Europe, and the U.S., respectively.
Beneath each node is a fraction, giving the number of misclassified samples divided by the
number of samples. It is easily seen from the trees that Dcost is an important predictor
for European cars: 125 of 159 cars with Dcost greater than $30,045 are European. For cars
with Dcost less than or equal to $30,045, those with 3.5-liter or larger engines are six times
as likely to be American, while those with smaller engines are predominantly Asian.

A classification or regression tree algorithm has three major tasks: (i) how to partition
the data at each step, (ii) when to stop partitioning, and (iii) how to predict the value
of y for each x in a partition? There are many approaches to the first task. For ease of
interpretation, a large majority of algorithms employ univariate splits of the form xi ≤ c (if
xi is non-categorical) or xi ∈ B (if xi is categorical). The variable xi and the split point c
or the split set B are often found by an exhaustive search that optimizes a node impurity

criterion such as entropy (for classification) or sum of squared residuals (for regression).
There are also several ways to deal with the second task, such as stopping rules and tree
pruning. The third task is the simplest: the predicted y value at a leaf node is the class that
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Figure 1: RPART (left) and QUEST (right) trees for Region. At each intermediate node,
an observation goes to the left branch if and only if the condition shown at the node is
satisfied. Leaf nodes that are cross-hatched, light gray, and dark gray are classified as Asia,
Europe, and U.S., respectively. The fraction below a leaf node gives the number misclassified
divided by the sample size. The total numbers misclassified are 119 for RPART and 106
for QUEST.

minimizes the estimated misclassification cost (for classification), or the fitted value from a
model estimated at the node (for regression).

We review and compare below a few of the more established and widely available algo-
rithms. First, we introduce some notation. Let Nj be the number of class j training samples
and let π(j) be the prior probability of class j. At each node t, let Nj(t) be the number
of class j training samples in t and let p(j|t) = π(j)Nj(t)/Nj denote the estimated proba-
bility that an observation in t belongs to class j. It is easily verified that p(j|t) ∝ Nj(t) if
π(j) ∝ Nj.

2 CART and RPART

We first discuss CART [1] classification with the Gini index as node impurity criterion,
i(t) = 1 −

∑J

j=1
p2(j|t). Suppose a split divides the data in t into a left node tL and a

right node tR. Let pL and pR be the proportions of data in tL and tR, respectively. CART

selects the split that maximizes the decrease in impurity i(t)− pLi(tL)− pRi(tR). Instead of
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employing stopping rules, CART generates a sequence of subtrees by growing a large tree
and pruning it back until only the root node is left. Then it uses cross-validation to estimate
the misclassification cost of each subtree and chooses the one with the lowest estimated
cost. The tree on the left side of Figure 1 is produced by RPART [2], a version of CART

implemented in R [3].
Like the AID and THAID [4, 5] algorithms before it, CART has some undesirable

properties. First, the splitting method is biased toward variables that have more distinct
values. This is because a variable with m distinct values allows (m − 1) splits if it is non-
categorical and (2m−1 − 1) splits if it is categorical. The bias was first noted in [6] and is
discussed in [7]. Second, the exponential number of splits for categorical variables causes
serious computational difficulties when m is large and y takes more than two values (a
computational trick reduces the number of splits searched to (m− 1) if y takes two values).
Finally, the algorithm is also biased toward variables with more missing values. This is due
to the impurity function depending only on the sample proportions, not the sample sizes.
During split selection, if a variable xi has missing values, only the observations non-missing
in both xi and y are used in computing the decrease in impurity. Thus it is easier to “purify”
a node by splitting on a variable with more missing values [8].

For regression, CART uses the sum of squared residuals as impurity function and builds a
piecewise-constant model with each leaf node fitted by the training sample mean. Everything
else remains the same as in classification. For example, Figure 2 displays a RPART tree for
predicting Hp with variables Region, Type, Drive, Engnsz, Cylin, Weight, Whlbase, Length,
and Width. The predicted values beneath the leaf nodes show that Hp tends to increase with
Cylin and to be higher for sports cars.

Piecewise-constant regression trees tend to have lower prediction accuracy compared
to other regression methods that have more smoothness. In fact, CART regression trees
typically have lower accuracy than even the classical multiple linear model—see, e.g., [1,
p. 227] and [9]. In the example here, the RPART model has an R2 value of 75%, compared
to 81% for the multiple linear model. One way to increase the accuracy of the piecewise-
constant model is to use a larger tree, i.e., with less pruning. The correct amount of pruning
is, however, usually difficult to determine. Besides, a large tree is undesirable because it is
more difficult to interpret.

3 QUEST and CRUISE

QUEST [7] is a classification method. It avoids the selection bias and categorical variable
computational problems of CART by first selecting the variable xi and then selecting its split
point or split set. This saves a significant amount of computation, because the algorithm
does not have to search for the split points or split sets of the other variables. QUEST

uses hypothesis tests to choose the split variables, namely, analysis of variance F -tests for
non-categorical variables and chi-squared tests for categorical variables. The variable with
the smallest significance probability is selected to split a node. If the dataset has more than
two classes, they are grouped into two superclasses prior to split point or split set selection.
This superclass grouping allows application of the CART two-class computational shortcut
for splits on categorical variables. The QUEST tree for our dataset is shown on the right
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Figure 2: RPART tree for predicting Hp. The number in italics beneath each leaf node is
the predicted value.

side of Figure 1. It has the same splits at the top two levels as the RPART tree.
CRUISE [8] is another classification algorithm with unbiased variable selection. It differs

from QUEST in three important respects: (i) each node can be split into as many as J
branches, with one class forming a majority in each branch, (ii) the significance tests include
interactions between pairs of variables, and (iii) it can fit linear discriminant models in each
leaf node [10]. Being able to split a node into J branches can be advantageous if J is large,
because it increases the probability that at least one leaf node is assigned to each class. For
example, Figure 3 shows the CRUISE tree for predicting Region. The vehicles in the left
branch (Dcost ≤ 23256) are mostly from Asian manufacturers and those in the right branch
(Dcost > 32775) are mostly European.

Figure 4 shows the corresponding CRUISE tree where a linear discriminant model is
fitted to the data in each leaf node. Notice how compact it is. This is due to part of the
model complexity being absorbed by the discriminant models whose boundaries and data
points are displayed in Figure 5. The plot for Node 3 reveals a very expensive car with Dcost

more than $170,000. It is a Porsche.

4 C4.5 and J48

C4.5 [11] is also a classification tree algorithm. If the variable xi chosen to split a node is non-
categorical, the node is divided into two using a split of the usual form xi ≤ c. On the other
hand, if the variable is categorical taking m values, the node splits into m branches, with
one branch for each categorical value. As a consequence, C4.5 has no difficulty dealing with
categorical variables regardless of the size of m. The algorithm chooses the splits as follows.
Suppose a node t is split into subnodes t1, t2, . . . , tk. Let e(t) = −

∑
j p(j|t) log{p(j|t)} be

the entropy at t and define the gain of the split as e(t) − N(t)−1
∑

i e(ti)N(ti). Define the
gain ratio as the gain divided by N(t)−1

∑
i N(ti){log N(ti) − log N(t)}. C4.5 chooses the

split that yields the highest gain ratio. C4.5 also grows a large tree and then prunes it back
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Figure 3: CRUISE tree for predicting Region. Cross-hatched, light gray, and dark gray leaf
denotes are classified as Asia, Europe, and U.S., respectively. The fraction below a leaf node
gives the number misclassified divided by the sample size. Total number misclassified is 115.
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Figure 4: CRUISE tree with linear discriminant node models for predicting Region. The
fraction below a leaf node gives the number misclassified divided by the sample size.
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Figure 5: Data and linear discriminant boundaries for the nodes of the CRUISE tree in
Figure 4. Asian, European, and U.S. cars are denoted by the symbols A, E, and U, respectively.
Node 3 has only one boundary: it serves to separate the European and U.S. cars.

to a smaller size. But instead of cross-validation, it uses a conservative estimate of the error
at each node to prune.

Figure 6 shows a C4.5 tree, obtained using the J48 implementation in WEKA [12], with
Drive as the response variable and Make as one of the predictor variables. As anticipated,
when Make is chosen, the node splits into many branches. This is not a problem in itself,
for we can manually merge the leaf nodes associated with the same predicted class. The
problem is that each node before merging has too few samples to support further splitting.
Hence the tree may be too short.

The avoidance of searching for binary splits on categorical variables and of cross-validation
for pruning makes C4.5 one of the fastest classification tree algorithms. Its trees, however,
tend to have more leaf nodes than those of other methods [13]. Like CART, it is biased
toward selecting variables that allow more splits.

5 GUIDE

GUIDE [14] constructs piecewise-constant, multiple linear, and simple polynomial tree mod-
els for least-squares, quantile, Poisson, and proportional hazards regression. Like CRUISE

and QUEST, its variable selection is unbiased. This is accomplished by recursively carrying
out the following steps at each node: (i) fit a model to the training data there, (ii) cross-
tabulate the signs of the residuals with each predictor variable to find the one with the most
significant chi-square statistic, and (iii) search for the best split on the selected variable,
using the appropriate loss function. After a large tree is constructed, it is pruned with the
cross-validation method of CART.

Figure 7 shows the GUIDE tree for predicting Hp when the best simple linear model
is fitted to the data in each node (two cars with rotary engines are removed due to the
Cylin variable being undefined for them). The sample mean value of Hp and the best linear
predictor variable are given beneath each leaf node. The first two splits divide the tree
into three main branches, with Asian, European, and American makes occupying the left,
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Figure 6: C4.5 (J48) tree for Drive, with black, white, and, gray-colored leaf nodes denoting
front-wheel, rear-wheel, and four-wheel drive, respectively.
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Figure 7: GUIDE piecewise simple linear model for predicting Hp. Beneath each leaf node
are the sample mean of Hp and the name of the linear predictor.

middle, and right branches, respectively. The most important linear predictors are Cylin

and Engnsz. A major advantage of this model, compared to a piecewise multiple linear
model, is that the data and the fitted regression functions can be visualized graphically, as
demonstrated in Figure 8. We see from Node 5 that European sports cars with large engines
have among the highest Hp values. For American cars, Hp increases linearly with Engnsz,
irrespective of the other variables. This GUIDE model has an R2 value of 84%, which is
higher than that of the RPART and multiple linear models discussed in Section 2.

6 CONCLUSION

All the above algorithms can deal with datasets with missing values. CART uses “surrogate
splits” to pass observations with missing split values through its nodes. CRUISE follows
a similar approach, but using an alternative set of splits. It is not known if one method
is better than the other. C4.5 uses weights, passing an observation with a missing split
value down every branch, where the weight is proportional to the number of observations
non-missing that variable in the branch. GUIDE and QUEST employ nodewise plug-in
estimates for the missing values.

CART, CRUISE, and QUEST accept user-specified class prior probabilities and un-
equal misclassification costs. Class priors are useful if the training dataset is not a random
sample. The three algorithms also allow splits on linear combinations of variables. Although
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Figure 8: Data and simple linear regression models at the nodes of the GUIDE tree in
Figure 7. The abbreviation spc stands for sports car. A plot of Hp versus Engnsz for the
whole dataset is given in the bottom right corner for comparison.
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such splits are hard to interpret, there is empirical evidence that they have much better
prediction accuracy than trees with univariate splits [13]. C4.5 does not have these capabil-
ities. GUIDE is also restricted to univariate splits, but empirical studies with real datasets
suggest that the prediction accuracy of its piecewise multiple linear models is, on average,
comparable to that of the best methods, including spline models [9].

There are many other tree algorithms that space restrictions prevent their discussion
here. The interested reader is referred to CHAID [15, 16] for classification, RECPAM

[17] for classification and regression, M5 [18, 19] for regression, LOTUS [20] for logistic
regression, and Bayesian CART [21, 22].

In terms of statistical theory, methods based on recursive partitioning are known to be risk

consistent under certain regularity conditions. Specifically, the expected mean squared error
of piecewise-constant regression trees and the expected misclassification cost of classification
trees converge to the lowest possible values as the training sample size increases [1]. Further,
for piecewise linear regression trees, the predicted values converge to the unknown regression
function values pointwise, at least for least-squares [23], logistic, Poisson [24], and quantile
[25] regression.
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