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Abstract. Decision trees have proved to be valuable tools for the description, classification and generalization
of data. Work on constructing decision trees from data exists in multiple disciplines such as statistics, pattern
recognition, decision theory, signal processing, machine learning and artificial neural networks. Researchers
in these disciplines, sometimes working on quite different problems, identified similar issues and heuristics for
decision tree construction. This paper surveys existing work on decision tree construction, attempting to identify
the important issues involved, directions the work has taken and the current state of the art.
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1. Introduction

Advances in data collection methods, storage and processing technology are providing a
unique challenge and opportunity for automated data exploration techniques. Enormous
amounts of data are being collected daily from major scientific projects (e.g., Human
Genome Project, the Hubble Space Telescope, Geographical Information Systems), from
stocks trading, from hospital information systems, from computerized sales records and
other sources. In addition, researchers and practitioners from more diverse disciplines than
ever before are attempting to use automated methods to analyze their data. As the quantity
and variety of data available to data exploration methods increases, there is a commensurate
need for robust, efficient and versatile data exploration methods.

Decision trees are a way to represent rules underlying data with hierarchical, sequential
structures that recursively partition the data. A decision tree can be used for data exploration
in one or more of the following ways:1

• Description: To reduce a volume of data by transforming it into a more compact form
which preserves the essential characteristics and provides an accurate summary.

• Classification: Discovering whether the data contains well-separated classes of objects,
such that the classes can be interpreted meaningfully in the context of a substantive
theory.

• Generalization: Uncovering a mapping from independent to dependent variables that
is useful for predicting the value of the dependent variable in the future.

Automatic construction of rules in the form of decision trees has been attempted virtually
in all disciplines in which data exploration methods have been developed. It has been tradi-
tionally developed in the fields of statistics, engineering (pattern recognition) and decision
theory (decision table programming). Recently renewed interest has been generated by re-
search in artificial intelligence (machine learning) and the neurosciences (neural networks).
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Though the terminology and emphases differ from discipline to discipline, there are many
similarities in the methodology.

Decision trees automatically constructed from data have been used successfully in many
real-world situations. Their effectiveness has been compared widely to other automated
data exploration methods and to human experts. Several advantages of decision tree-based
classification have been pointed out.

• Knowledge acquisition from pre-classified examples circumvents the bottleneck of
acquiring knowledge from a domain expert.

• Tree methods are exploratory as opposed to inferential. They are also non-parametric.
As only a few assumptions are made about the model and the data distribution, trees
can model a wide range of data distributions.

• Hierarchical decomposition implies better use of available features and computational
efficiency in classification.

• As opposed to some statistical methods, tree classifiers can treat uni-modal as well as
multi-modal data in the same fashion.

• Trees can be used with the same ease in deterministic as well as incomplete problems.
(In deterministic domains, the dependent variable can be determined perfectly from the
independent variables, whereas in incomplete problems, it cannot be.)

• Trees perform classification by a sequence of simple, easy-to-understand tests whose
semantics are intuitively clear to domain experts. The decision tree formalism itself is
intuitively appealing.

For these and other reasons, decision tree methodology can provide an important tool in
every data mining researcher/practitioner’s tool box. In fact, many existing data mining
products are based on constructing decision trees from data.2

In order to gain optimal benefit from existing methods, or to develop improved algorithms,
it is crucial to have an understanding of the existing work on this subject. Some existing
decision tree work lacks step-by-step progress. Researchers and system developers often
triedad hocvariations of the basic methodology until they found something that “worked”
or was “interesting.” Due to this practice, one often encounters instances of redundant
effort. Although it is not the intent of the current paper to point out specific instances of
redundant work, a careful reader may notice several such examples. (Thead hocnature is
obviously not true of all work on decision trees. A good counter-example is Ross Quinlan’s
work over the years. It progresses in a series of carefully chosen steps that advance our
understanding of decision trees.)

In spite of a large body of existing work and substantial practical success of this tech-
nique, there exist no comprehensive, multi-disciplinary surveys of results on decision tree
construction from data. (See Section 2 for a discussion of existing surveys.) The current
paper attempts to fill this gap. We summarize significant results related to automatically
constructing decision trees from data, from fields such as pattern recognition, statistics,
decision theory, machine learning, mathematical programming and neural networks. We
maintain the conciseness of this survey using the following guidelines and limitations.

• We do not attempt a tutorial overview of any specific topics. Our main emphasis is
to trace the directions that decision tree work has taken. For this reason, readers with
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a basic knowledge of automatic decision tree construction methodology may benefit
more from this survey than readers who are completely new to trees.

• We avoid repeating many of the references from three existing surveys (Payne and
Preece, 1980, Moret, 1982, Safavin and Landgrebe, 1991). This is partly because the
above surveys had different emphases than ours, as outlined in Section 2.

• We limit our references to refereed journals, published books and recent conferences.

• Our coverage of decision tree applications falls far short of being comprehensive; it
is merely illustrative. Same is true of our coverage of comparisons between trees and
other techniques.

1.1. Outline and survey overview

We briefly outline and motivate below several issues involved in constructing decision
trees and using them. Along with each issue, we mention the corresponding section in
the survey. This section aims to establish a structural organization for the large body of
existing literature on trees. We use below terminology from machine learning and statistics.
Alternative terminology may be found in Section 1.3.

• Greedy top-down construction is the most commonly used method for tree growing
today (see Section 5.10 for exceptions). A hierarchical model can be constructed top-
down, starting from the entire data, somehow partitioning it into subsets, and recursing
the partitioning procedure. A description of tree growing then reduces to a description
of techniques for splitting data into meaningful subsets. Section 3 reviews dozens
of “splitting rules” that have been proposed in the literature, their classification and
comparitive evaluations. This section also covers in detail multivariate splitting rules.

• Whether a model is intended for description, classification or generalization, we would
like it to be “better” than the data, capturing only the true characteristics of the data but
not the noise and randomness. In the context of trees, this concern translates into the
problem of finding theright sizedtrees. Techniques to find right sized trees, including
pruning, their evaluations and comparisons are the topic of Section 4. When more than
one tree can describe a data set perfectly, we need metrics to quantify the “goodness” of
trees. Tree quality measures proposed in the literature are summarized in Section 5.9.

• Sample size versus dimensionality of a data set greatly influences the quality of trees
constructed from it. Work analysing this influence is reviewed in Section 5.1. This
section also covers methods that preprocess the data before inducing trees, such as
feature subset selection (removing redundant or correlated features), composite feature
construction and data subsampling.

• Most real-world data is complex and imperfect. Costs are associated with different
features and classes, and missing feature values are the rule not the exception. We
review the work dealing with these two issues in Sections 5.2 and 5.3 respectively.

• The shortcomings of decision tree models, as well as solutions to alleviate them, have
been extensively reported in the literature. Greedy splitting heuristics are efficient and
adequate for most applications, but are essentially suboptimal. In situations where
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processing resources are not as important as the optimality of the result, several ways
of improving upon greedy induction exist (Section 5.4). Crisp decisions that decision
trees usually output may not be adequate or useful in some settings. Techniques to use
tree models as probability estimators have been suggested (Section 5.5). Individual
decision trees have high variance in terms of generalization accuracy, so many authors
have suggested combining the results from multiple decision trees (Section 5.6). Trees
cause data fragmentation, which reduces the probabilistic significance of near-leaf
nodes. A solution to this is the use of soft splits (Section 5.8).

• We discuss many other miscellaneous aspects of tree construction (Section 5.10), in-
cluding incremental tree construction (Section 5.7).

• Some natural questions to ask in the context of tree construction are “is it possible to
build optimal trees?”, “exactly how good is a specific algorithm?”, etc. Researchers have
theoretically and empirically analyzed the tree construction methodology. Section 6
reviews this work in detail, covering NP-completeness results and analyses of biases in
tree induction.

• Section 7 is devoted to the practical promise of decision trees. We discuss recent “real
world” applications, available software packages and comparisons with alternative data
analysis techniques, all of which establish decision trees as versatile and effective data
analysis tools.

The above binning interestingly brings out a paucity of the work on decision trees. By
dividing model construction into individual subtasks, we risk losing track of the overall
purpose of this exercise. Apparent improvements in individual steps arenot guaranteed to
lead to better algorithms overall. Splitting rules are a good example. Splitting rules have to
be defined, evaluated and improved in the broader context of the tree construction method.
Otherwise, they are reduced to meread hocgreedy heuristics. It is not surprising that most
existing splitting rules are functionally equivalent.

The author acknowledges a shortcoming of this organization. Papers dealing with more
than one topic are either listed multiple times or their mention is omitted from some places.
A good example is (Buntine, 1992) which has relevance to many of the issues we address,
and is referenced repeatedly under Sections 5.4,5.5,5.6 and 5.10.

The next section (1.2) introduces briefly the basic concepts involved in decision tree
construction. Section 1.3 discusses alternative terminology. Section 2 summarizes high
level pointers, mentioning existing surveys, text books and historical origins. Sections 3,
4, 5, 6 and 7 together comprise the survey whose organization is described in detail above.
Section 8 concludes the paper with some general comments.

1.2. Basics of decision trees

Readers completely unfamiliar with decision trees should refer to (Safavin and Landgrebe,
1991), Section II for a good summary of basic definitions. A decision tree is constructed
from a training set, which consists ofobjects. Each object is completely described by a
set ofattributesand aclasslabel. Attributes can haveordered(e.g., real) orunordered
(e.g., Boolean) values. Theconceptunderlying a data set is the true mapping between
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the attributes and the class. Anoise-freetraining set is one in which all the objects are
“generated” using the underlying concept.

A decision tree contains zero or moreinternal nodes and one or moreleaf nodes. All
internal nodes have two or morechild nodes.3 All internal nodes containsplits, which test
the value of an expression of the attributes.Arcsfrom an internal nodet to its children are
labeled with distinct outcomes of the test att. Each leaf node has a class label associated
with it. 4

The task of constructing a tree from the training set has been called treeinduction, tree
building and tree growing. Most existing tree induction systems proceed in a greedy top-
down fashion. (Section 5.10 lists exceptions). Starting with an empty tree and the entire
training set, some variant of the following algorithm is applied until no more splits are
possible.

1. If all the training examples at the current nodet belong to categoryc, create a leaf node
with the classc.

2. Otherwise, score each one of the set of possible splitsS, using agoodness measure.

3. Choose the best splits∗ as the test at the current node.

4. Create as many child nodes as there are distinct outcomes ofs∗. Label edges between
the parent and child nodes with outcomes ofs∗, and partition the training data usings∗

into the child nodes.

5. A child nodet is said to bepureif all the training samples att belong to the same class.
Repeat the previous steps on all impure child nodes.

Discriminationis the process of deriving classification rules from samples of classified ob-
jects, andclassificationis applying the rules to new objects of unknown class (Hand, 1981)5.
Decision trees have been used for discrimination as well as classification.

An objectX is classified by passing it through the tree starting at the root node. The
test at each internal node along the path is applied to the attributes ofX, to determine the
next arc along whichX should go down. The label at the leaf node at whichX ends up is
output as its classification. An object ismisclassifiedby a tree if the classification output
by the tree is not the same as the object’s correct class label. The proportion of objects
correctly classified by a decision tree is known as itsaccuracy, whereas the proportion of
misclassified objects is theerror.

1.3. Terminology

Structures similar to decision trees have been called classification trees, branched testing
sequences, discriminant trees and identification keys. Training sets consist of objects, also
known as samples, observations, examples or instances. Attributes have been referred to
as features, predictors or independent variables. In an ordered attribute space, a decision
tree imposes a partitioning that can be geometrically represented as a collection of hyper-
surfaces and regions. Much of the work on decision trees uses only a specific type of
surface, namely hyper-planes. (For exceptions, see the Neural Trees and Other Methods
paragraphs in Section 3.2.) For this reason, splits are often referred to as hyper-planes,
attributes as dimensions and objects as points.
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Category or dependent variable is the same as class label. Ordered domains are equiva-
lent to or comprise continuous, integer, real-valued and monotonous domains. Unordered
domains have categorical, discrete or free variables. Internal nodes are the same as non-
terminals or test nodes. Leaf nodes are referred to as the terminal nodes or decision nodes.
Goodness measures are also known as feature evaluation criteria, feature selection criteria,
impurity measures or splitting rules.

2. High level pointers

A decision tree performs multistage hierarchical decision making. For a general rationale for
multistage classification schemes and a categorization of such schemes, see (Kanal, 1979).

2.1. Origins

Work on decision tree induction in statistics began due to the need for exploring survey data
(Fielding, 1977). Statistical programs such as AID (Sonquist, Baker and Morgan, 1971),
MAID (Gillo, 1972), THAID (Morgan and Messenger, 1973) and CHAID (Kass, 1980)
built binary segmentation trees aimed towards unearthing the interactions between predictor
and dependent variables.

Pattern recognition work on decision trees was motivated by the need to interpret images
from remote sensing satellites such as LANDSAT in the 1970s (Swain and Hauska, 1977).

Decision trees in particular, and induction methods in general, arose in machine learning
to avoid the knowledge acquisition bottleneck (Feigenbaum, 1981) for expert systems.

In sequential fault diagnosis, the inputs are a set of possible tests with associated costs
and a set of system states with associated prior probabilities. One of the states is a
“fault-free” state and the other states represent distinct faults. The aim is to build a
test algorithm that unambiguously identifies the occurrence of any system state using
the given tests, while minimizing the total cost. The testing algorithms normally take
the form of decision trees or AND/OR trees (Varshney, Hartman and De Faria, Jr., 1982,
Pattipati and Alexandridis, 1990). Many heuristics used to construct decision trees are
used for test sequencing also.

2.2. Treatises and surveys

An overview of work on decision trees in the pattern recognition literature can be found in
(Dattatreya and Kanal, 1985). A high level comparative perspective on the classification
literature in pattern recognition and artificial intelligence can be found in (Chandrasekaran,
1986). Tree induction from a statistical perspective, as it is popularly used today, is reviewed
in the excellent book Classification and Regression Trees (Breiman, et al.
1984). For a review of earlier statistical work on hierarchical classification, see (Fielding,
1977). A majority of work on decision trees in machine learning is an offshoot of Breiman
et al.’s work and the ID3 algorithm (Quinlan, 1986b). Quinlan’s book on C4.5 (1993a),
although specific to his tree building program, provides an outline of tree induction method-
ology from a machine learning perspective.
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Payne and Preece (1980) surveyed results on constructingtaxonomic identification keys,
in a paper that attempted “a synthesis of a large and widely-dispersed literature” from
fields such as biology, pattern recognition, decision table programming, machine fault
location, coding theory and questionnaire design. Taxonomic identification keys are tree
structures that have one object per leaf and for which the set of available tests (splits) is pre-
specified. The problem of constructing identification keys is not the same as the problem
of constructing decision trees from data, but many common concerns exist, such as optimal
key construction and choosing good tests at tree nodes.

Moret (1982) provided a tutorial overview of the work on representing Boolean functions
as decision trees and diagrams. He summarized results on constructing decision trees in
discrete variable domains. Although Moret mentions some pattern recognition work on
constructing decision trees from data, this was not his primary emphasis.

Safavin and Landgrebe (1991) surveyed the literature on decision tree classifiers, almost
entirely from a pattern recognition perspective. This survey had the aim of bringing the
disparate issues in decision tree classifiers together, providing a more unified view, and
cautioning the “casual” users about the pitfalls of each method.

The current paper differs from the above surveys in the following ways.

• A substantial body of work that has been done after the existing surveys were written
(e.g., almost all the machine learning work on tree construction) is covered. Some
topics that were not discussed in the existing surveys (e.g., multivariate trees, NP-
completeness) are covered.

• This paper brings into a common organization decision tree work in multiple disciplines.

• Our main emphasis is on automatically constructing decision trees for parsimonious
descriptions of, and generalization from, data. (In contrast, for example, the main
emphasis of (Moret, 1982) was on representing Boolean functions as decision trees.)

2.3. What is not covered

In recent years, there has been a growing amount of work in Computational Learning
Theory (COLT), on matters related to decision tree induction. We cover very little of this
work in the survey, primarily due to the author’s ignorance. Proceedings of the annual
COLT conferences and International Conferences on Machine Learning (ICML) are good
starting points to explore this work. A few good papers to get a flavor for this work
are (Jordan, 1994, Page and Muggleton, 1995, Kearns, 1996, Kearns and Mansour, 1996,
Helmbold and Schapire, 1997).

Work on learning Bayesian or inference networks from data is closely related to automatic
decision tree construction. There are an increasing number of papers on the former topic, al-
though the similarities with tree induction are usually not pointed out. For a good discussion
of decision tree induction from a Bayesian networks point of view, see (Buntine, 1989). For
a good introduction to the literature on learning Bayesian networks, see (Buntine, 1996).

Work on automatic construction of hierarchical structures from data in which the depen-
dent variable is unknown (unsupervisedlearning), present in fields such as cluster analysis
(Everitt, 1993), machine learning (Fisher, 1987, Gennari, Langley and Fisher, 1989) and
vector quantization (Gersho and Gray, 1991) is not covered. Work on hand-constructed
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decision trees (common in medicine) is also not considered. We do not discuss regression
trees. There is a rich body of literature on this topic which shares many issues with the deci-
sion tree literature. For an introduction, see (Breiman, et al. 1984, Chaudhuri, et al. 1995).
We do not discuss binary decision diagrams and decision graphs (Kohavi, 1994). We do
not discuss patents.6

3. Finding splits

To build a decision tree, it is necessary to find at each internal node a test for splitting the data
into subsets. In case of univariate trees, finding a split amounts to finding the attribute that
is the most “useful” in discriminating the input data, and finding a decision rule using the
attribute. In case of multivariate trees, finding a split can be seen as finding a “composite”
feature, a combination of existing attributes that has good discriminatory power. In either
case, a basic task in tree building is to rank features (single or composite) according to their
usefulness in discriminating the classes in the data.

3.1. Feature evaluation rules

In pattern recognition and statistics literature, features are typically ranked usingfeature
evaluation rules, and the single best featureor a good feature subset are chosen from
the ranked list. In machine learning, however, feature evaluation rules are used mainly for
picking the single best feature at every node of the decision tree. Methods used for selecting
a good subset of features are typically quite different. We will postpone the discussion of
feature subset selection methods to Section 5.1.1.

Ben Bassat (1987) divides feature evaluation rules into three categories: rules derived
from information theory, rules derived from distance measures and rules derived from
dependence measures. These categories are sometimes arbitrary and not distinct. Some
measures belonging to different categories can be shown to be equivalent. Many can be
shown to be approximations of each other.

Rules derived from information theory:Examples of this variety are rules based on
Shannon’s entropy.7 Tree construction by maximizing globalmutual information, i.e., by
expanding tree nodes that contribute to the largest gain in average mutual information of
the whole tree, is explored in pattern recognition (Glesser and Collen, 1972, Sethi and
Sarvarayudu, 1982, Talmon, 1986).8 Tree construction by locally optimizinginforma-
tion gain, the reduction in entropy due to splitting each individual node, is explored in
pattern recognition (Hartmann, et al. 1982, Wang and Suen, 1984, Casey and Nagy, 1984,
Hanisch, 1990), in sequential fault diagnosis (Varshney, Hartman and De Faria, Jr., 1982)
and in machine learning (Quinlan, 1986b). Mingers (1987) suggested the G-statistic, an
information theoretic measure that is a close approximation toχ2 distribution, for tree con-
struction as well as for deciding when to stop. De Merckt (1993) suggested an attribute
selection measure that combined geometric distance with information gain, and argued that
such measures are more appropriate for numeric attribute spaces.

Rules derived from distance measures:“Distance” here refers to the distance between
class probability distributions. The feature evaluation criteria in this class measure sep-
arability, divergence or discrimination between classes. A popular distance measure is
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the Gini index of diversity9, which has been used for tree construction in statistics
(Breiman, et al. 1984), pattern recognition (Gelfand, Ravishankar and Delp, 1991) and se-
quential fault diagnosis (Pattipati and Alexandridis, 1990). Breiman et al. pointed out that
the Gini index has difficulty when there are a relatively large number of classes, and sug-
gested thetwoing rule(Breiman, et al. 1984) as a remedy. Taylor and Silverman (1993)
pointed out that the Gini index emphasizes equal sized offspring and purity of both chil-
dren. They suggested a splitting criterion, called mean posterior improvement (MPI), that
emphasizes exclusivity between offspring class subsets instead.

Bhattacharya distance (Lin and Fu, 1983), Kolmogorov-Smirnoff distance (Friedman,
1977, Rounds, 1980, Haskell and Noui-Mehidi, 1991) and theχ2 statistic (Belson, 1959,
Hart, 1984, Mingers, 1987, Zhou and Dillon, 1991, White and Liu, 1994) are some other
distance-based measures that have been used for tree induction. Though the Kolmogorov-
Smirnoff distance was originally proposed for tree induction in two-class problems
(Friedman, 1977, Rounds, 1980), it was subsequently extended to multiclass domains
(Haskell and Noui-Mehidi, 1991) Class separation-based metrics developed in the ma-
chine learning literature (Fayyad and Irani, 1992a, Zhengou and Yan, 1993) are also dis-
tance measures. A relatively simplistic method for estimating class separation, which
assumes that the values of each feature follow a Gaussian distribution in each class, was
used for tree construction in (Luo, Scherp and Lanzo, 1987).

Rules derived from dependence measures:These measure the statistical dependence
between two random variables. All dependence-based measures can be interpreted as
belonging to one of the above two categories (Ben-Bassat, 1987).

There exist many attribute selection criteria that do not clearly belong to any category in
Ben Bassat’s taxonomy. Gleser and Collen (1972) and Talmon (1986) used a combination
of mutual information andχ2 measures. They first measured the gain in average mutual
informationI(Ti) due to a new splitTi, and then quantified the probabilityP (I(Ti)) that
this gain is due to chance, usingχ2 tables. The split that minimizedP (I(Ti)) was chosen by
these methods. A permutation statistic was used for univariate tree construction for 2-class
problems in (Li and Dubes, 1986). The main advantage of this statistic is that, unlike most
of the other measures, its distribution is independent of the number of training instances.
As will be seen in Section 4, this property provides a natural measure of when to stop tree
growth.

Measures that use theactivity of an attribute have been explored for tree construction
(Moret, Thomason and Gonzalez, 1980, Miyakawa, 1989). The activity of a variable is
equal to the testing cost of the variable times thea priori probability that it will be tested. The
computational requirements for computing activity are the same as those for the information-
based measures. Quinlan and Rivest (1989) suggested the use of Risannen’s minimum
description length (Risannen, 1989) for deciding which splits to prefer over others and also
for pruning. Kalkanis (1993) pointed out that measures like information gain and Gini
index are all concave (i.e., they never report a worse goodness value after trying a split than
before splitting), so there is no natural way of assessing where to stop further expansion
of a node. As a remedy, Kalkanis suggested the use of the upper bounds in the confidence
intervals for the misclassification error as an attribute selection criterion.10

The total number of misclassified points has been explored as a selection criterion by many
authors. Two examples are Heath’ssum minority(Heath, Kasif and Salzberg, 1993b) and
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Lubinsky’s inaccuracy(Lubinsky, 1993, Lubinsky, 1994a). The CART book (Breiman,
et al. 1984), among others, discuss why this is not a good measure for tree induction.
Additional tricks are needed to make this measure useful (Lubinsky, 1993, Murthy, Kasif and
Salzberg, 1994). (Heath, Kasif and Salzberg, 1993b) also usedmax minority(larger of
the number of misclassified points on two sides of a binary split) andsum of impurities
(which assigns an integer to each class and measures the variance between class numbers
in each partition). An almost identical measure to sum of impurities was used earlier in the
Automatic Interaction Detection (AID) program (Fielding, 1977).

Most of the above feature evaluation criteria assume no knowledge of the probability
distribution of the training objects. The optimal decision rule at each tree node, a rule that
minimizes the overall error probability, is considered in (Kurzynski, 1983, Kurzynski, 1988,
Kurzynski, 1989) assuming that complete probabilistic information about the data is known.
Shang and Breiman (1996) argue that trees built from probability distributions (which in turn
are inferred from attribute values) are more accurate than trees built directly from attribute
values. Grewe and Kak (1995) proposed a method for building multi-attribute hash tables
using decision trees for object localization and detection in 3D. Their decision trees are also
built from probability distributions of attributes rather than the attribute values themselves.
(Pal, Chakraborty and Bagchi, 1997) recently proposed a variant of the ID3 algorithm for
real data, in which tests at an internal node are found using genetic algorithms.

3.1.1. Evaluations, ComparisonsGiven the large number of feature evaluation rules,
a natural concern is to measure their relative effectiveness for constructing “good” trees.
Evaluations in this direction, in statistics, pattern recognition and machine learning, have
been predominantly empirical in nature, though there have been a few theoretical ones. We
defer the discussion of the latter to Section 6.

In spite of a large number of comparative studies, very few so far have concluded that a
particular feature evaluation rule is significantly better than others. A majority of studies
have concluded that there is not much difference between different measures. This is to be
expected as inductionper secan not rigorously justify performance on unseen instances.11 A
lot of splitting rules are similar from a functional perspective. Splitting rules are essentially
ad hocheuristics for evaluating the strength of dependence between attributes and the class.
Comparisons of individual methods may still be interesting if they enlighten the reader
about which metric should be used in what situations.

Baker and Jain (1976) reported experiments comparing eleven feature evaluation criteria
and concluded that the feature rankings induced by various rules are very similar. Several
feature evaluation criteria, including Shannon’s entropy and divergence measures, are com-
pared using simulated data in (Ben-Bassat, 1978), on a sequential, multi-class classification
problem. The conclusions are that no feature selection rule is consistently superior to the
others,andthat no specific strategy for alternating different rules seems to be significantly
more effective. Breiman et al. (1984) conjectured that decision tree design is rather insen-
sitive to any one from a large class of splitting rules, and it is the stopping rule that is crucial.
Mingers (1989b) compared several attribute selection criteria, and concluded that tree qual-
ity doesn’t seem to depend on the specific criterion used. He even claimed that random
attribute selection criteria are as good as measures like information gain (Quinlan, 1986b).
This claim was refuted in (Buntine and Niblett, 1992, Liu and White, 1994), where the au-
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thors argued that random attribute selection criteria are prone to overfitting, and also fail
when there are several noisy attributes.

Miyakawa (1989) compared three activity-based measures,Q, O andloss, both analyt-
ically and empirically. He showed thatQ andO do not chose non-essential variables at
tree nodes, and that they produce trees that are 1/4th the size of the trees produced by
loss. Fayyad and Irani (1992a) showed that their measure C-SEP, performs better than Gini
index (Breiman, et al. 1984) and information gain (Quinlan, 1986b) for specific types of
problems.

Several researchers (Hart, 1984, Quinlan, 1986b) pointed out that information gain is
biased towards attributes with a large number of possible values. Mingers (Mingers, 1987)
(1987) compared information gain and theχ2 statistic for growing the tree as well as for
stop-splitting. He concluded thatχ2 corrected information gain’s bias towards multivalued
attributes, however to such an extent that they were never chosen, and the former produced
trees that were extremely deep and hard to interpret. Quinlan (1993a) suggestedgain ratio
as a remedy for the bias of information gain. Mantaras (1991) argued that gain ratio had
its own set of problems, and suggested using information theory-baseddistancebetween
partitions for tree construction. He formally proved that his measure is not biased towards
multiple-valued attributes. White and Liu (1994) present experiments to conclude that
information gain, gain ratioandMantaras’ measure are worse than aχ2 based statistical
measure, in terms of their bias towards multiple-valued attributes. A hyper-geometric
function is proposed as a means to avoid the biases of information gain, gain ratio andχ2

metrics, by Martin (1997). Martin proposed and examined several alternatives in Quinlan’s
measures including distance, orthogonality, a Beta function and two chi-squared tests. In
a different paper (Martin and Hirschberg, 1995), Martin proved that the time complexity
of induction and post-processing is exponential in tree height in the worst case and, under
fairly general conditions, in the average case. This puts a premium on designs which tend to
produce shallower trees (e.g., multi-way rather than binary splits and selection criteria which
prefer more balanced splits). Kononenko (1995) pointed out that Minimum Description
Length-based feature evaluation criteria have the least bias towards multi-valued attributes.

3.2. Multivariate splits

Decision trees have been popularly univariate, i.e., they use splits based on a single attribute
at each internal node. Even though several methods have been developed in the literature
for constructing multivariate trees, this body of work is not as well-known.

Most of the work on multivariate splits considers linear (oblique) trees. These are trees
which have tests based on a linear combination of the attributes at some internal nodes.
The problem of finding an optimal linear split (optimal with respect to any of the feature
evaluation measures in Section 3.1) is more difficult than that of finding the optimal uni-
variate split. In fact, finding optimal linear splits is known to be intractable for some feature
evaluation rules (see Section 6.1), so heuristic methods are required for finding good, albeit
suboptimal, linear splits. Methods used in the literature for finding good linear tests include
linear discriminant analysis, hill climbing search, linear programming, perceptron training
and others.
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Linear Discriminant Trees: Several authors have considered the problem of construct-
ing tree-structured classifiers that have linear discriminants (Duda and Hart, 1973) at each
node. You and Fu (1976) used a linear discriminant at each node in the decision tree,
computing the hyper-plane coefficients using the Fletcher-Powell (1963) descent method.
Their method requires that the best set of features at each node be pre-specified by a human.
Friedman (1977) reported that applying Fisher’s linear discriminants, instead of atomic fea-
tures, at some internal nodes was useful in building better trees. Qing-Yun and Fu (1983)
also describe a method to build linear discriminant trees. Their method uses multivariate
stepwise regression to optimize the structure of the decision tree as well as to choose subsets
of features to be used in the linear discriminants. More recently, use of linear discriminants
at each node is considered by Loh and Vanichsetakul (1988). Unlike in (You and Fu, 1976),
the variables at each stage are appropriately chosen in (Loh and Vanichsetakul, 1988) ac-
cording to the data and the type of splits desired. Other features of the tree building
algorithm in (Loh and Vanichsetakul, 1988) are: (1) it yields trees with univariate, linear
combination or linear combination of polar coordinate splits, and (2) allows both ordered
and unordered variables in the same linear split. Use of linear discriminants in a deci-
sion tree is considered in the remote sensing literature in (Iikura and Yasuoka, 1991). A
method for building linear discriminant classification trees, in which the user can decide
at each node what classes need to be split, is described in (Todeshini and Marengo, 1992).
John (1995) recently considered linear discriminant trees in the machine learning litera-
ture. An extension of linear discriminants are linear machines (Nilsson, 1990), which are
linear structures that can discriminate between multiple classes. In the machine learning
literature, Utgoff et al. explored decision trees that used linear machines at internal nodes
(Brodley and Utgoff, 1995, Draper, Brodley and Utgoff, 1994).

Locally Opposed Clusters of Objects:Sklansky and his students developed several piece-
wise linear discriminants based on the principle of locally opposed clusters of objects.
Wassel and Sklansky (Wassel and Sklansky, 1972, Sklansky and Wassel, 1981) suggested
a procedure to train a linear split to minimize the error probability. Using this procedure,
Sklansky and Michelotti (1980) developed a system to induce a piece-wise linear classifier.
Their method identifies the closest-opposed pairs of clusters in the data, and trains each
linear discriminant locally. The final classifier produced by this method is a piecewise linear
decision surface, not a tree. Foroutan (1985) discovered that the resubstitution error rate of
optimized piece-wise linear classifiers is nearly monotonic with respect to the number of
features. Based on this result, Foroutan and Sklansky (1987) suggest an effective feature
selection procedure for linear splits that uses zero-one integer programming. Park and
Sklansky (1989, 1990) describe methods to induce linear tree classifiers and piece-wise
linear discriminants. The main idea in these methods is to find hyper-planes that cut a
maximal number ofTomeklinks. Tomek links of a data set connect opposed pairs of data
points for which the circle of influence between the points doesn’t contain any other points.

Hill Climbing Methods: CART’s use of linear combinations of attributes (Breiman, et al.
1984, Chapter 5) is well-known. This algorithm uses heuristic hill climbing and backward
feature elimination to find good linear combinations at each node. Murthy et al. (Murthy,
et al. 1993, Murthy, Kasif and Salzberg, 1994) described significant extensions to CART’s
linear combinations algorithm, using randomized techniques.
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Perceptron Learning: A perceptron is a linear function neuron (Minsky and Papert, 1969,
Hampson and Volper, 1986) which can be trained to optimize the sum of distances of the
misclassified objects to it, using a convergent procedure for adjusting its coefficients.Per-
ceptron trees, which are decision trees with perceptrons just above the leaf nodes, are
discussed in (Utgoff, 1989b). Decision trees with perceptrons at all internal nodes are
described in (Utgoff and Brodley, 1990, Sethi and Yoo, 1994).

Mathematical Programming: Linear programming has been used for building adaptive
classifiers since late 1960s (Ibaraki and Muroga, 1968). Given two possibly intersecting
sets of points, Duda and Hart (1973) proposed a linear programming formulation for finding
the split whose distance from the misclassified points is minimized. More recently, Man-
gasarian et al. used linear and quadratic programming techniques to build machine learning
systems in general and decision trees in particular (Mangasarian, Setiono and Wolberg,
1990, Bennett, 1992, Bennett and Mangasarian, 1992, Mangasarian, 1993, Bennett and
Mangasarian, 1994). Use of zero-one integer programming for designing vector quantizers
can be found in (Lin and Vitter, 1992). Brown and Pittard (1993) also employed linear pro-
gramming for finding optimal multivariate splits at classification tree nodes. Almost all the
above papers attempt to minimize the distance of the misclassified points from the decision
boundary. In that sense, these methods are more similar to perceptron training methods
(Minsky and Papert, 1969), than to decision tree splitting criteria. Mangasarian (1994) de-
scribed a linear programming formulation to minimize the number of misclassified points
instead of the geometric distance.

Neural Trees: In the neural networks community, many researchers have considered
hybrid structures between decision trees and neural nets. Though these techniques were
developed as neural networks whose structure could be automatically determined, their
outcome can be interpreted as decision trees with nonlinear splits. Techniques very sim-
ilar to those used in tree construction, such as information theoretic splitting criteria and
pruning, can be found in neural tree construction also. Examples of this work include
(Golea and Marchand, 1990, Sirat and Nadal, 1990, Brent, 1991, Cios and Liu, 1992,
Herman and Yeung, 1992, Sankar and Mammone, 1993, ’DAlch´e-Buc, Zwierski and Nadal,
1994). Sethi (1990) described a method for converting a univariate decision tree into a
neural net and then retraining it, resulting in tree structuredentropy netswith sigmoidal
splits. An extension of entropy nets, that converts linear decision trees into neural nets was
described in (Park, 1994). Decision trees with small multi-layer networks at each node,
implementing nonlinear, multivariate splits, were described in (Guo and Gelfand, 1992).
Jordan and Jacobs (1994) described hierarchical parametric classifiers with small “experts”
at internal nodes. Training methods for tree structured Boltzmann machines are described
in (Saul and Jordan, 1994).

Other Methods: Use of polynomial splits at tree nodes is explored in decision the-
ory (Schuermann and Doster, 1984). In Machine Learning, recently a method has been
suggested (Ittner and Schlosser, 1996) for “manufacturing” second or higher degree fea-
tures and then inducing linear splits on these complex features to get non-linear decision
trees. In information theory, Gelfand and Ravishankar (1993) describe a method to build
a tree structured filter that has linear processing elements at internal nodes. Heath et al.
(Heath, Kasif and Salzberg, 1993b, Heath, 1992) used simulated annealing to find the best
oblique split at each tree node. Chai et al. (1996) recently suggested using genetic algo-
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rithms to search for linear splits at non-terminal nodes in a tree. Lubinsky (1994b, 1994a)
attempted bivariate trees, trees in which some functions of two variables can be used as tests
at internal nodes. Lubinsky considered the use of linear cuts, corner cuts and rectangular
cuts, using ordered and unordered variables.

3.3. Ordered vs. unordered attributes

The fields of pattern recognition and statistics historically have considered ordered or nu-
meric attributes as the default. This seems natural considering application domains such
as spectral analysis and remote sensing (Swain and Hauska, 1977). In these fields, special
techniques (Sethi and Chatterjee, 1977) were developed to accommodate discrete attributes
into what were primarily algorithms for ordered attributes. Fast methods for splitting mul-
tiple valued categorical variables are described in (Chou, 1991).

Machine learning is a subfield of Artificial Intelligence, which in turn has been dominated
by symbolic processing. Many tree induction methods here (Quinlan, 1979) were originally
developed for categorical attributes. The problem of incorporating continuous attributes
into these algorithms was considered subsequently. The problem of meaningfully dis-
cretizing a continuous dimension is considered in (Fayyad and Irani, 1992b, Kerber, 1992,
Van de Merckt, 1993, Muller and Wysotzki, 1994). Fast methods for splitting a continu-
ous dimension into more than two ranges is considered in the machine learning litera-
ture (Fayyad and Irani, 1993, Fulton, Kasif and Salzberg, 1995).12 An extension to ID3
(Quinlan, 1986b) that distinguishes between attributes with unordered domains and at-
tributes with linearly ordered domains is suggested in (Cleote and Theron, 1991). Quinlan
(1996) recently discussed improved ways of using continuous attributes with C4.5.

4. Obtaining the right sized trees

See Breslow and Aha’s (1996) recent survey on simplifying decision trees for a detailed
account of the motivation for tree simplification and existing solution approaches.

One of the main difficulties of inducing a recursive partitioning structure is knowing when
to stop. Obtaining the “right” sized trees is important for several reasons, which depend on
the size of the classification problem (Gelfand, Ravishankar and Delp, 1991). For moderate
sized problems, the critical issues are generalization accuracy, honest error rate estimation
and gaining insight into the predictive and generalization structure of the data. For very
large tree classifiers, the critical issue is optimizing structural properties such as height and
balance (Wang and Suen, 1984, Catlett, 1991).

Breiman et al. (1984) pointed out that tree quality depends more on good stopping rules
than on splitting rules. Effects of noise on generalization are discussed in (Niblett, 1986,
Kodratoff and Manago, 1987). Overfitting avoidance as a specific bias is studied in
(Wolpert, 1992a, Schaffer, 1993). Effect of noise on classification tree construction meth-
ods is studied in the pattern recognition literature in (Talmon and McNair, 1992).

Several techniques have been suggested for obtaining right sized trees. The most popular
of these ispruning, whose discussion we will defer to Section 4.1. The following are some
alternatives to pruning that have been attempted.
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• Restrictions on minimum node size: A node is not split if it has smaller thank objects,
wherek is a parameter to the tree induction algorithm. This strategy, which is known
not to be robust, is used in some early methods (Friedman, 1977).

• Two stage search: Tree induction is divided into two subtasks: first, a good structure
for the tree is determined; then splits are found at all the nodes.13 The optimization
method in the first stage may or may not be related to that used in the second stage.
Lin and Fu (1983) useK-means clustering for both stages, whereas Qing-Yun and Fu
(1983) use multi-variate stepwise regression for the first stage and linear discriminant
analysis for the second stage.

• Thresholds on Impurity: In this method, a threshold is imposed on the value of the
splitting criterion, such that if the splitting criterion falls below (above) the threshold,
tree growth is aborted. Thresholds can be imposed on local (i.e., individual node)
goodness or on global (i.e., entire tree) goodness. The former alternative is used in
(Glesser and Collen, 1972, Rounds, 1980, Quinlan, 1986a, Martin, 1997) and the lat-
ter in (Sethi and Sarvarayudu, 1982). A problem with the former method is that the
value of most splitting criteria (Section 3.1) varies with the size of the training sam-
ple. Imposing a single threshold that is meaningful at all nodes in the tree is not
easy and may not even be possible. Some feature evaluation rules, whose distribution
doesnot depend on the number of training samples (i.e., a goodness value ofk would
have the same significance anywhere in the tree) have been suggested in the literature
(Li and Dubes, 1986, Zhou and Dillon, 1991, Kalkanis, 1993). Martin and Hirschberg
(1995) argue that pre-pruning or simple pruning is linear in tree height, contrasted to
the exponential growth of more complex operations. The key factor that influences
whether simple pruning will suffice is whether the split selection and pruning heuristics
are the same and unbiased.

• Trees to rules conversion: Quinlan (1987, 1993a) gave efficient procedures for convert-
ing a decision tree into a set of production rules. Simple heuristics to generalize and
combine the rules generated from trees can act as a substitute for pruning for Quinlan’s
univariate trees.

• Tree reduction: Cockett and Herrera (1990) suggested a method to reduce an arbitrary
binary decision tree to an “irreducible” form, using discrete decision theory principles.
Every irreducible tree is optimal with respect to some expected testing cost criterion,
and the tree reduction algorithm has the same worst-case complexity as most greedy
tree induction methods.

4.1. Pruning

Pruning, the method most widely used for obtaining right sized trees, was proposed in
( (Breiman, et al. 1984), Chapter 3). The following procedure was suggested: build the
complete tree (a tree in which splitting no leaf node further will improve the accuracy on
the training data) and then remove subtrees that are not contributing significantly towards
generalization accuracy. It is argued that this method is better than stop-splitting rules,
because it can compensate, to some extent, for the sub-optimality of greedy tree induction.
For instance, if there is very good nodeT2 a few levels below a not-so-good nodeT1, a
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stop-splitting rule will stop tree growth atT1, whereas pruning may give a high rating for,
and retain, the whole subtree atT1. Kim and Koehler (1994) analytically investigate the
conditions under which pruning is beneficial for accuracy. Their main result states that
pruning is more beneficial with increasing skewness in class distribution and/or increasing
sample size.

Breiman et al.’s (1984) pruning methodcost complexitypruning (a.k.a. weakest link
pruning or error complexity pruning) proceeds in two stages. In the first stage, a sequence
of increasingly smaller trees are built on the training data. In the second stage, one of these
trees is chosen as the pruned tree, based on its classification accuracy on apruning set.
Pruning set is a portion of the training data that is set aside exclusively for pruning. Use
of a separate pruning set is a fairly common practice. Another pruning method that needs
a separate data set is Quinlan’s (1987) reduced error pruning. This method, unlike cost
complexity pruning, does not build a sequence of trees and hence is claimed to be faster.

The requirement for an independent pruning set might be problematic especially when
small training samples are involved. Several solutions have been suggested to get around this
problem. Breiman et al. (1984) describe a cross validation procedure that avoids reserving
part of training data for pruning, but has a large computational complexity. Quinlan’s
pessimistic pruning (1987, 1993a) does away with the need for a separate pruning set by
using a statistical correlation test.

Crawford (1989) analyzed Breiman et al.’s cross validation procedure, and pointed out
that it has a large variance, especially for small training samples. He suggested a.632
bootstrapmethod14 as an effective alternative. Gelfand et al. (Gelfand, Ravishankar and
Delp, 1991) claimed that the cross validation method is both inefficient and possibly in-
effective in finding the optimally pruned tree. They suggested an efficient iterative tree
growing and pruning algorithm that is guaranteed to converge. This algorithm divides the
training sample into two halves and iteratively grows the tree using one half and prunes
using the other half, exchanging the roles of the halves in each iteration.

Quinlan and Rivest (1989) used minimum description length
(Risannen, 1989) for tree construction as well as for pruning. An error in their cod-
ing method (which did not have an effect on the main conclusions) was pointed out in
(Wallace and Patrick, 1993). Another pruning method that is based on viewing the de-
cision tree as an encoding for the training data was suggested in (Forsyth, Clarke and
Wright, 1994). Use of dynamic programming to prune trees optimally and efficiently has
been explored in (Bohanec and Bratko, 1994).

A few studies have been done to study the relative effectiveness of pruning methods
(Mingers, 1989a, Cohen, 1993, Esposito, Malerba and Semeraro, 1995). Just as in the case
of splitting criteria, no singlead hocpruning method has been adjudged to be superior to
the others. The choice of a pruning method depends on factors such as the availability of
additional data for pruning.

5. Other issues

Tree construction involves many issues other than finding good splits and knowing when
to stop recursive splitting. This section bundles together such issues.
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5.1. Sample size versus dimensionality

The relationship between the size of the training set and the dimensionality of the prob-
lem is studied extensively in the pattern recognition literature (Hughes, 1968, Kanal and
Chandrasekaran, 1971, Foley, 1972, Chandrasekaran and Jain, 1974, Kanal, 1974, Kulkarni,
1978, Jain and Chandrasekaran, 1987, Fukanaga and Hayes, 1989). Researchers consid-
ered the problem of how sample size should vary according to dimensionality andvice
versa. Intuitively, an imbalance between the number of samples and the number of fea-
tures (i.e., too many samples with too few attributes, or too few samples with too many
attributes) can make induction more difficult. Some conclusions from the above papers can
be summarized, informally, as follows:

• For a finite sized data with little or noa priori information, the ratio of the sample
size to dimensionality must be as large as possible to suppress optimistically biased
evaluations of the performance of the classifier.

• For a given sample size used in training a classifier, there exists an optimum feature size
and quantization complexity. (Optimality here is in terms of tree size, not predictive
accuracy. Quantization complexity refers to the number of ranges a dimension is split
into.) This result is true for both two-class problems and multi-class problems.15

• The ratio of the sample size to dimensionality should vary inversely proportional to the
amount of available knowledge about the class conditional densities.

In tasks where more features than the “optimal” are available, decision tree quality is
known to be affected by the redundant and irrelevant attributes (Almuallim and Dietterich,
1994). To avoid this problem, either a feature subset selection method (Section 5.1.1)
or a method to form a small set of composite features (Section 5.1.2) can be used as a
preprocessing step to tree induction. An orthogonal step to feature selection is instance
selection. If the training sample is too large to allow for efficient classifier induction, a
subsample selection method (Section 5.1.3) can be employed.

5.1.1. Feature subset selectionThere is a large body of work on choosing relevant sub-
sets of features (Draper and Smith, 1981, Boyce, Farhi and Weishedel, 1974, Miller, 1990).
Much of this work was not developed in the context of tree induction, but a lot of it has
applicability. There are two components to any method that attempts to choose the best
subset of features. The first is a metric using which two feature subsets can be compared
to determine which is better. Feature subsets have been compared in the literature using
direct error estimation (Foroutan and Sklansky, 1987, John, Kohavi and Pfleger, 1994) or
using any of the feature evaluation criteria discussed in Section 3.1. Direct error estimation
is similar to the wrapper approach (Kohavi, 1995c), which advocates that the induction
algorithm be used as a “black box” by the feature subset selection method.

The second component of feature subset selection methods is a search algorithm through
the space of possible feature subsets. Most existing search procedures are heuristic in na-
ture, as exhaustive search for the best feature subset is typically prohibitively expensive.
(An exception is the optimal feature subset selection method using zero-one integer pro-
gramming, suggested by Ichino and Sklansky (1984).) A heuristic commonly used is the
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greedy heuristic. Instepwise forward selection, we start with an empty feature set, and
add, at each stage, the best feature according to some criterion. Instepwise backward
elimination, we start with the full feature set and remove, at each step, the worst feature.
When more than one feature is greedily added or removed,beam searchis said to have
been performed (Siedlecki and Sklansky, 1988, Caruana and Freitag, 1994). A combina-
tion of forward selection and backward elimination, a bidirectional search, was attempted
in (Siedlecki and Sklansky, 1988).

Comparisons of heuristic feature subset selection methods resound the conclusions of
studies comparing feature evaluation criteria and studies comparing pruning methods — no
feature subset selection heuristic is far superior to the others. (Cover and Van Campenhout,
1977, Van Campenhout, 1978) showed that heuristic sequential feature selection methods
can do arbitrarily worse than the optimal strategy. Mucciardi and Gose (1971) compared
seven feature subset selection techniques empirically and concluded that no technique was
uniformly superior to the others. There has been a recent surge of interest in feature
subset selection methods in the machine learning community, resulting in several empirical
evaluations (Kira and Rendell, 1992, Langley and Sage, 1997, Caruana and Freitag, 1994,
Doak, 1994, Moore and Lee, 1994, Aha and Bankert, 1995).

5.1.2. Composite featuresSometimes the aim is not to choose a good subset of features,
but instead to find a few good “composite” features, which are arithmetic or logical combi-
nations of the atomic features. In the decision tree literature, Henrichon and Fu (1969) were
probably the first to discuss “transgenerated” features, features generated from the original
attributes. Friedman’s (1977) tree induction method could consider with equal ease atomic
and composite features. Techniques to search for multivariate splits (Section 3.2) can be
seen as ways for constructing composite features. Use of linear regression to find good
feature combinations has been explored in (Bramanti-Gregor and Davis, 1993).

Discovery of good combinations of Boolean features to be used as tests at tree nodes
is explored in the machine learning literature (Pagallo and Haussler, 1990) as well as in
signal processing (Bahl, et al., 1989). Ragavan and Rendell (1993) describe a method that
constructs Boolean features using lookahead, and uses the constructed feature combina-
tions as tests at tree nodes. Lookahead for construction of Boolean feature combinations
is also considered in (Zhou and Dillon, 1991). Linear threshold unit trees for Boolean
functions are described in (Sahami, 1993). Decision trees having first order predicate
calculus representations, with Horn clauses as tests at internal nodes, are considered in
(Watanabe and Rendell, 1991).

5.1.3. Subsample selectionFeature subset selection attempts to choose useful features.
Similarly, subsample selection attempts to choose appropriate training samples for in-
duction. Quinlan suggested “windowing”, a random training set sampling method, for
his programs ID3 and C4.5 (Quinlan, 1993a, Wirth and Catlett, 1988). An initially ran-
domly chosen window can be iteratively expanded to include only the “important” training
samples. Several ways of choosing representative samples for Nearest Neighbor learn-
ing methods exist (Dasarathy, 1991, Dasarathy, 1994). Some of these techniques may be
helpful for inducing decision trees on large samples, provided they are efficient. Oates
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and Jensen recently analyzed the effect of training set size on decision tree complexity
(Oates and Jensen, 1997).

5.2. Incorporating costs

In most real-world domains, attributes can have costs of measurement, and objects can
have misclassification costs. If the measurement (misclassification) costs are not identical
between different attributes (classes), decision tree algorithms may need to explicitly prefer
cheaper trees. Several attempts have been made to make tree construction cost-sensitive.
These involve incorporating attribute measurement costs (machine learning: (Norton, 1989,
Núñez, 1991, Tan, 1993, Turney, 1995), pattern recognition: (Dattatreya and Sarma, 1981,
Morris and Kalles, 1994), statistics: (Kim, 1994)) and incorporating misclassification costs
(Breiman, et al. 1984, Cox and Qiu, 1993, Draper, Brodley and Utgoff, 1994, Catlett, 1995,
Turney, 1995). Methods to incorporate attribute measurement costs typically include a
cost term into the feature evaluation criterion, whereas variable misclassification costs are
accounted for by using prior probabilities or cost matrices.

5.3. Missing attribute values

In real world data sets, it is often the case that some attribute values are missing. Several
researchers have addressed the problem of dealing with missing attribute values in the
training as well as testing sets. For training data, Friedman (1977) suggested that all objects
with missing attribute values can be ignored while forming the split at each node. If it is
feared that too much discrimination information will be lost due to ignoring, missing values
may be substituted by the mean value of the particular feature in the trainingsubsamplein
question. Once a split is formed, all objects with missing values can be passed down to
all child nodes, both in the training and testing stages. The classification of an object with
missing attribute values will be the largest represented class in the union of all the leaf nodes
at which the object ends up. Breiman et al.’s CART system (Breiman, et al. 1984) more or
less implemented Friedman’s suggestions. Quinlan (1989) also considered the problem of
missing attribute values.

5.4. Improving upon greedy induction

Most tree induction systems use a greedy approach — trees are induced top-down, a node
at a time. Several authors (e.g., (Garey and Graham, 1974, Rendell and Ragavan, 1993))
pointed out the inadequacy of greedy induction for difficult concepts. The problem of
inducing globally optimal decision trees has been addressed time and again. For early work
using dynamic programming and branch-and-bound techniques to convert decision tables
to optimal trees, see (Moret, 1982).

Tree construction using partial or exhaustive lookahead has been considered in statis-
tics (Fielding, 1977, Chou, 1991, Elder, 1995), in pattern recognition (Hartmann, et al.
1982), for tree structured vector quantizers (Riskin and Gray, 1991), for Bayesian class
probability trees (Buntine, 1992), for neural trees (D́Alché-Buc, Zwierski and Nadal, 1994)
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and in machine learning (Norton, 1989, Ragavan and Rendell, 1993, Murthy and Salzberg,
1995b). Most of these studies indicate that lookahead does not cause considerable improve-
ments over greedy induction. Murthy and Salzberg (1995b) demonstrate that one-level
lookahead does not help build significantly better trees and can actuallyworsenthe quality
of trees, causingpathology(Nau, 1983). This seemingly unintuitive behavior is caused
because of the way feature selection heuristics are defined and used within the greedy
framework.

Constructing optimal or near-optimal decision trees using a two-stage approach has been
attempted by many authors. In the first stage, a sufficient partitioning is induced using any
reasonably good (greedy) method. In the second stage, the tree isrefinedto be as close
to optimal as possible. Refinement techniques attempted include dynamic programming
(Meisel and Michalopoulos, 1973), fuzzy logic search (Wang and Suen, 1987) and multi-
linear programming (Bennett, 1994).

The build-and-refine strategy can be seen as a search through the space of all possible de-
cision trees, starting at the greedily built suboptimal tree. In order to escape local minima in
the search space, randomized search techniques such as genetic programming (Koza, 1990)
and simulated annealing (Bucy and Diesposti, 1993, Lutsko and Kuijpers, 1994) have been
attempted. These methods search the space of all decision trees using random perturba-
tions, additions and deletions of the splits. A deterministic hill-climbing search procedure
has also been suggested for searching for optimal trees, in the context of sequential fault
diagnosis (Sun, Qiu and Cox, 1995). Kroger (1996) discusses the strategies and algorithm
improvements needed to generate “optimal” classification trees.

Inducing topologically minimal trees, trees in which the number of occurrences of each
attribute along each path are minimized, is the topic of (Van de Velde, 1990). Suen and
Wang (1984) described an algorithm that attempted to minimize the entropy of the whole
tree and the class overlap simultaneously. (Class overlap is measured by the number of
terminal nodes that represent the same class.)

5.5. Estimating probabilities

Decision trees have crisp decisions at leaf nodes. On the contrary, class probability trees
assign a probability distribution for all classes at the terminal nodes. Breiman, et al. (1984,
Chapter 4) proposed a method for building class probability trees. Quinlan (1990) discussed
methods of extracting probabilities from decision trees. Buntine (1992) described Bayesian
methods for building, smoothing and averaging class probability trees. (Smoothing is
the process of adjusting probabilities at a node in the tree based on the probabilities at
other nodes on the same path. Averaging improves probability estimates by considering
multiple trees.) Smoothing in the context of tree structured vector quantizers is described
in (Bahl, et al., 1989). An approach, which refines the class probability estimates in a
greedily induced decision tree using local kernel density estimates has been suggested in
(Smyth, Gray and Fayyad, 1995).

Assignment of probabilistic goodness to splits in a decision tree is described in (Guur-Ali
and Wallace, 1993). A unified methodology for combining uncertainties associated with
attributes into that of a given test, which can then be systematically propagated down the
decision tree, is given in (Mogre, et al. 1994).
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5.6. Multiple trees

A known peril of decision tree construction is its variance, especially when the samples
are small and the features are many (Dietterich and Kong, 1995). Variance can be caused
by random choice of training and pruning samples, by many equally good attributes only
one of which can be chosen at a node, due to cross validation or other reasons. Many au-
thors have suggested using a collection of decision trees, instead of just one, to reduce the
variance in classification performance (Kwok and Carter, 1990, Shlien, 1990, Shlien, 1992,
Buntine, 1992, Heath, Kasif and Salzberg, 1993a, Breiman, 1994). The idea is to build a set
of (correlated or uncorrelated) trees for the same training sample, and then combine their re-
sults.16 Multiple trees have been built using randomness (Heath, Kasif and Salzberg, 1993a)
or using different subsets of attributes for each tree (Shlien, 1990, Shlien, 1992). Classi-
fication results of the trees have been combined using either simplistic voting methods
(Heath, Kasif and Salzberg, 1993a) or using statistical methods for combining evidence
(Shlien, 1990). The relationship between the correlation of errors of individual classifiers
and the error of the combined classifier has been explored (Ali and Pazzani, 1995).

An alternative to multiple trees is a hybrid classifier that uses several small classifiers as
parts of a larger classifier. Brodley (1994) describes a system that automatically selects the
most suitable among a univariate decision tree, a linear discriminant and an instance based
classifier at each node of a hierarchical, recursive classifier.

5.7. Incremental tree induction

Most tree induction algorithms use batch training — the entire tree needs to be recomputed
to accommodate a new training example. A crucial property of neural network training
methods is that they are incremental — network weights can be continually adjusted to
accommodate training examples. Incremental induction of decision trees is considered
by several authors. Friedman’s (1977) binary tree induction method could use “adaptive”
features for some splits. An adaptive split depends on the training subsample it is splitting.
(An overly simple example of an adaptive split is a test on the mean value of a feature.)
Utgoff et al. proposed incremental tree induction methods in the context of univariate
decision trees (Utgoff, 1989a, Utgoff, 1994, Utgoff, Berkman and Clouse, 1997) as well as
multivariate trees (Utgoff and Brodley, 1990). Crawford (1989) argued that approaches
which attempt to update the tree so that the “best” split according to the updated sample is
taken at each node, suffer from repeated restructuring. This occurs because the best split
at a node vacillates widely while the sample at the node is still small. An incremental
version of CART that uses significance thresholds to avoid the above problem is described
in (Crawford, 1989).

5.8. Soft splits

Two common criticisms of decision trees are the following: (1) As decisions in lower levels
of a tree are based on increasingly smaller fragments of the data, some of them may not
have much probabilistic significance (data fragmentation). (2) As several leaf nodes can
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represent the same class, unnecessarily large trees may result, especially when the number
of classes is large (high class overlap).

Several researchers have considered usingsoft splits of data for decision trees. A hard
split divides the data into mutually exclusive partitions. A soft split, on the other hand,
assigns a probability that each point belongs to a partition, thus allowing points to belong
to multiple partitions. C4.5 (Quinlan, 1993a) uses a simple form of soft splitting. Use of
soft splits in pattern recognition literature can be found in (Schuermann and Doster, 1984,
Wang and Suen, 1987). Jordan and Jacobs (1994) describe a parametric, hierarchical clas-
sifier with soft splits. Multivariate regression trees using soft splitting criteria are considered
(Forouraghi, Schmerr and Prabhu, 1994). Induction of fuzzy decision trees has been con-
sidered in (Lee, 1992, Yuan and Shaw, 1995).

5.9. Tree quality measures

The fact that several trees can correctly represent the same data raises the question of
how to decide that one tree is better than another. Several measures have been suggested to
quantify tree quality. Moret (1982) summarizes work on measures such as tree size, expected
testing cost and worst-case testing cost. He shows that these three measures are pairwise
incompatible, which implies that an algorithm minimizing one measure is guaranteednotto
minimize the others, for some tree. Fayyad and Irani (1990) argue that, by concentrating on
optimizing one measure, number of leaf nodes, one can achieve performance improvement
along other measures.

Generalization accuracy is a popular measure for quantifying the goodness of learning
systems. The accuracy of the tree is computed using a testing set that is independent of the
training set or using estimation techniques like cross-validation or bootstrap. 10-fold cross-
validation is generally believed to be a good “honest” assessment of tree predictive quality.
Kononenko and Bratko (1991) pointed out that comparisons on the basis of classification
accuracy are unreliable, because different classifiers produce different types of estimates
(e.g., some produce yes-or-no classifications, some output class probabilities) and accuracy
values can vary with prior probabilities of the classes. They suggested an information based
metric to evaluate a classifier, as a remedy to the above problems. Martin (1995) argued
that information theoretic measures of classifier complexity are not practically computable
except within severely restricted families of classifiers, and suggested a generalized version
of CART’s (Breiman, et al. 1984) 1-standard error rule as a means of achieving a tradeoff
between classifier complexity and accuracy.

Description length, the number of bits required to “code” the tree and the data using some
compact encoding, has been suggested as a means to combine the accuracy and complexity
of a classifier (Quinlan and Rivest, 1989, Forsyth, Clarke and Wright, 1994) .

5.10. Miscellaneous

Most existing tree induction systems proceed in a greedy top-down fashion. Bottom up
induction of trees is considered in (Landeweerd, et al. 1983). Bottom up tree induction is
also common (Pattipati and Alexandridis, 1990) in problems such as building identification
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keys and optimal test sequences. A hybrid approach to tree construction, that combined
top-down and bottom-up induction can be found in (Kim and Landgrebe, 1991).

We concentrate in this paper on decision trees that are constructed from labeled exam-
ples. The problem of learning trees from decision rules instead of examples is addressed
in (Iman and Michalski, 1993). The problem of learning trees solely from prior proba-
bility distributions is considered in (Argentiero, Chin and Beaudet, 1982). Learning de-
cision trees from qualitative causal models acquired from domain experts is the topic of
(Pipitone, De Jong and Spears, 1991). Given a trained network or any other learned model,
Craven’s algorithm TREPAN (Craven, 1996) uses queries to induce a decision tree that
approximates the function represented by the model.

Several attempts at generalizing the decision tree representation exist. Chou (1988) con-
sidered decisiontrellises, directed acyclic graphs with class probability vectors at the leaves
and tests at internal nodes. Option trees, in which every internal node holds several optional
tests along with their respective subtrees, are discussed in (Buntine, 1991, Buntine, 1992).
Oliver (1993) suggested a method to build decision graphs, which are similar to Chou’s
decision trellises, using minimum length encoding principles (Wallace and Boulton, 1968).
Rymon (1993) suggested SE-trees, set enumeration structures each of which can embed
several decision trees.

Cox (1995) argues that classification tree technology, as implemented in commercially
available systems, is often more useful for pattern recognition than it is for decision support.
He suggests several ways of modifying existing methods to beprescriptiverather than
descriptive.

An interesting method for displaying decision trees on multidimensional data, using
block diagrams, is proposed in (Taylor and Silverman, 1993). Block diagrams can point
out features of the data as well as the deficiencies in the classification method. Parallelization
of tree induction algorithms is discussed in detail in (Pearson and Stokes, 1990). Hardware
architectures to implement decision trees are described in (Israel and Koutsougeras, 1993).

6. Analyses

Researchers have tried to evaluate the tree induction method itself, to precisely answer
questions such as “is it possible to build optimal trees?” and “how good is a specific feature
evaluation rule?”. Most such investigations are theoretical, though there have been a few
recent empirical ones.

6.1. NP-completeness

Several aspects of optimal tree construction are shown to be intractable. Hyafil and Rivest
(1976) proved that the problem of building optimal decision trees from decision tables, opti-
mal in the sense of minimizing the expected number of tests required to classify an unknown
sample, is NP-Complete. For sequential fault diagnosis, (Cox, Qiu and Kuehner, 1989)
showed that, for an arbitrary distribution of attribute costs and for an arbitrary distribution
of input vectors, the problem of constructing a minimum expected cost classification tree
to represent a simple function, the linear threshold function, is NP-complete. They show
that even the problem of identifying the root node in an optimal strategy is NP-hard. The
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problem of building storage optimal trees from decision tables is considered by Murphy
and McCraw (1991), who proved it to be NP-complete. Naumov (1991) proved that op-
timal decision tree construction from decision tables is NP-complete under a variety of
measures. All the measures considered by the earlier papers on NP-completeness appear
in Naumov’s measures. The problem of constructing the smallest decision tree which best
distinguishes characteristics of multiple distinct groups is shown to be NP-complete in
(Tu and Chung, 1992).

Comer and Sethi (1977) studied the asymptotic complexity of trie index construction in
the document retrieval literature. Megiddo (1988) investigated the problem of polyhedral
separability (separating two sets of points usingk hyper-planes), and proved that several
variants of this problem are NP-complete. Results in the above papers throw light on the
complexity of decision tree induction. (Lin, Storer and Cohn, 1992, Lin and Storer, 1994)
discussed NP-hardness of the problem of designing optimal pruned tree structured vector
quantizers (TSVQ).

Most of the above results consider only univariate decision tree construction. Intuitively,
linear or multivariate tree construction should be more difficult than univariate tree con-
struction, as there is a much larger space of splits to be searched. Heath (1992) proved that
the problem of finding the split that minimizes the number of misclassified points, given two
sets of mutually exclusive points, is NP-complete. (Hoeffgen, Simon and Van Horn, 1995)
proved that a more general problem is NP-hard — they proved that, for anyC ≥ 1, the prob-
lem of finding a hyper-plane that misclassifies no more thanC ∗opt examples, whereopt is
the minimum number of misclassifications possible using a hyper-plane, is also NP-hard.

As the problem of finding a single linear split is NP-hard, it is no surprise that the problem
of building the optimal linear decision trees is NP-hard. However, one might hope that, by
reducing the size of the decision tree, or the dimensionality of the data, it might be possible
to make the problem tractable. This does not seem to be the case either . Blum and Rivest
(1988) showed that the problem of constructing an optimal 3-node neural network is NP-
complete. Goodrich (1995) proved that optimal (smallest) linear decision tree construction
is NP-complete even in three dimensions.

6.2. Theoretical Insights

Goodman and Smyth (1988) showed that greedy top-down induction of decision trees is
directly equivalent to a form of Shannon-Fano prefix coding (Fano, 1961). A consequence
of this result is that top-down tree induction (using mutual information) is necessarily
suboptimal in terms of average tree depth. Trees of maximal size generated by the CART
algorithm (Breiman, et al. 1984) have been shown to have an error rate bounded by twice
the Bayes error rate, and to be asymptotically Bayes optimal (Gordon and Olshen, 1978).
Miyakawa (1985) considered the problem of converting decision tables to optimal trees, and
studied the properties ofoptimalvariables, the class of attributes only members of which can
be used at the root of an optimal tree. Eades and Staples (1981) showed that the optimality
in search trees, in terms of worst-case depth, is very closely related toregularity. 17 As
irregular trees are not likely to be optimal, splitting rules (Section 3.1) that tend to slice off
small corners of the attribute space building highly unbalanced trees are less likely to find
optimal trees.
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Some authors pointed out the similarity or equivalence between the problem of con-
structing decision trees and existing, seemingly unrelated, problems. Such insights provide
valuable tools for analyzing decision trees. Wang and Suen (1984) show that entropy-
reduction point of view is powerful in theoretically bounding search depth and classifica-
tion error. Chou and Gray (1986) view decision trees as variable-length encoder-decoder
pairs, and show that rate is equivalent to tree depth while distortion is the probability of
misclassification. Brandman et al. (Brandman, Orlitsky and Hennessy, 1990) suggested a
universal technique to lower bound the size and other characteristics of decision trees for
arbitrary Boolean functions. This technique is based on the power spectrum coefficients of
then-dimensional Fourier transform of the function. Turksen and Zhao (1993) proved the
equivalence between a pseudo-Boolean analysis and the ID3 algorithm (Quinlan, 1986b).

6.3. Assumptions and biases

Most tree induction methods are heuristic in nature. They use several assumptions and
biases, hoping that together the heuristics produce good trees. Some authors have attempted
to evaluate the validity and relevance of the assumptions and biases in tree induction.18

Assumption:Multi-stage classifiers may be more accurate than single stage classifiers.
Analysis: However, the data fragmentation caused by multi-stage hierarchical classifiers
may compensate for the gain in accuracy. Michie (1986) argues that top-down induction
algorithms may provide overly complex classifiers that have no real conceptual structure
in encoding relevant knowledge. As a solution to this problem, Gray (1990) suggested an
induction method that generates a single disjuncts of conjuncts rule, using the same time
complexity as tree induction. The efficacy of multi-level decision trees is compared by Holte
(1993) to simple, one-level classification rules. He concluded that, on most real world data
sets commonly used by the machine learning community (Murphy and Aha, 1994), decision
trees do not perform significantly better than one level rules. These conclusions, however,
were refuted by Elomaa (1994) on several grounds. Elomaa argued that Holte’s observations
may have been the peculiarities of the data he used, and that the slight differences in accuracy
that Holte observed were still significant.

Bias: Smaller consistent decision trees have higher generalization accuracy than larger
consistent trees(Occam’s Razor). Analysis: Murphy and Pazzani (1994) empirically in-
vestigated the truth of this bias. Their experiments indicate that this conjecture seems to
be true. However, their experiments indicate that the smallest decision trees typically have
lesser generalization accuracy than trees that are slightly larger. In an extension of this
study, Murphy (1994) evaluated the size bias as a function of concept size. He concluded
that (1) bias for smaller trees is generally beneficial in terms of accuracy and that (2) though
larger trees perform better than smaller ones for high-complexity concepts, it is better to
guess the correct size randomly than to have a pre-specified size bias.

Assumption:Locally optimizing information or distance based splitting criteria,(Sec-
tion 3.1) tends to produce small, shallow, accurate trees.Analysis: A class of binary
splitsS for a data set is said to be complete if, informally, for every partition of the data,
there exists a member ofS that induces the partition. Zimmerman (1959) considered the
problem of building identification keys for complete classes of splits, given arbitrary class
distributions. Garey and Graham (1974) analyze the properties of recursive greedy splitting
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on the quality of trees induced from decision tables, and showed that greedy algorithms
using information theoretic splitting criteria can be made to perform arbitrarily worse than
the optimal. Kurzynski (1983) showed that, for globally optimum performance, decisions
made at each node should “emphasize the decision that leads to a greater joint probability
of correct classification at the next level”, i.e., decisions made at different nodes in the tree
shouldnot be independent. Loveland (1985) analyzed the performance of variants of Gini
index in the context of sequential fault diagnosis.

Goodman and Smyth (1988, 1990) analyzed greedy tree induction from an information
theoretic view point. They proved that mutual information-based induction is equivalent to
a form of Shannon-Fano prefix coding, and through this insight argued that greedily induced
trees are nearly optimal in terms of depth. This conjecture is substantiated empirically in
(Murthy and Salzberg, 1995a), where it is shown that the expected depth of trees greedily
induced using information gain (Quinlan, 1986b) and Gini index (Breiman, et al. 1984) is
very close to that of the optimal, under a variety of experimental conditions. Relationship
between feature evaluation by Shannon’s entropy and the probability of error is investigated
in (Kovalevsky, 1968, Renyi and Vekerdi, 1970).

7. The practical promise

Our discussion so far has concentrated on techniques for and analysis of decision tree
construction. All these are in vain unless this technique is practically useful and perhaps
outperforms some competitor techniques. In this section, we address these two issues. We
argue that decision trees are practically a very useful technique, by tabulating examples of
their use in diverse real-world applications. We briefly discuss existing software packages
for building decision trees from data. We also summarize work comparing decision trees to
alternative techniques for data analysis, such as neural networks, nearest neighbor methods
and regression analysis.

7.1. Selected real-world applications

This section lists a few recent real-world applications of decision trees. The aim is to
give the reader a “feel” for the versatility and usefulness of decision tree methods for
data exploration, and not to be useful for readers interested in finding the potential of tree
classifiers in specific domains. Our coverage of applications is, by necessity, very limited.
All the application papers cited below were published in refereed journals or as Ph.D
theses, after 1993. We restrict to application domains where the domain scientists tried to
use decision trees, rather than where decision tree researchers tested their algorithm(s) on
several application domains. The application areas are listed below in alphabetical order.

• Agriculture: Application of a range of machine learning methods including decision
trees to problems in agriculture and horticulture is described in (McQueen, et al. 1995).

• Astronomy: Astronomy has been an active domain for using automated classifica-
tion techniques.19 Use of decision trees has been reported for filtering noise from
Hubble Space Telescope images (Salzberg, et al. 1995), in star-galaxy classification
(Weir, Fayyad and Djorgovski, 1995), for determining galaxy counts (Weir,
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Djorgovski and Fayyad, 1995) and discovering quasars (Kennefick, et al. 1995) in the
Second Palomar Sky Survey.

• Biomedical Engineering: For identifying features to be used in implantable de-
vices (Gibb, Auslander and Griffin, 1993).

• Control Systems:For control of nonlinear dynamical systems (Hunt, 1993) and control
of flotation plants (Aldrich, et al. 1997).

• Financial analysis: For asserting the attractiveness of buy-writes (Mezrich, 1994),
among many other data mining applications.

• Image processing: For the interpretation of digital images in radiology (Perner,
Belikova and Yashunskaya, 1996), for high level vision (Kodratoff and Moscatelli, 1994)
and outdoor image segmentation (Buluswer and Draper, 1994).

• Language processing:For medical text classification (Lehnert, et al. 1995), for ac-
quiring a statistical parser from a set of parsed sentences (Magerman, 1994).

• Law: For discovering knowledge in international conflict and conflict management
databases, for the possible avoidance and termination of crises and wars (Furnkranz,
Petrak and Trappi, 1997).

• Manufacturing and Production: To non-destructively test welding quality (Ercil,
1993), for semiconductor manufacturing (Irani, et al. 1993), for increasing productivity
(Kennedy, 1993), for material procurement method selection (Das and Bhambri, 1994),
to accelerate rotogravure printing (Evans and Fisher, 1994), for process optimization in
electro-chemical machining (Famili, 1994), to schedule printed circuit board assembly
lines (Piramuthu, Raman and Shaw, 1994), to uncover flaws in a Boeing manufacturing
process (Riddle, Segal and Etzioni, 1994) and for quality control (Guo and Dooley,
1995). For a recent review of the use of machine learning (decision trees and other
techniques) in scheduling, see (Aytug, et al. 1994).

• Medicine: Medical research and practice have long been important areas of application
for decision tree techniques. Recent uses of automatic induction of decision trees can
be found in cardiology (Long, et al. 1993, Falconer, et al. 1994, Kokol, et al. 1994),
study of tooth enamel (Nilsson, et al. 1996), psychiatry (McKenzie, et al. 1993), gas-
troenterology (Judmaier, et al. 1993), for detecting microcalcifications in mammogra-
phy (Woods, et al. 1993), to analyze Sudden Infant Death (SID) syndrome (Wilks and
English, 1994) and for diagnosing thyroid disorders (File, Dugard and Houston, 1994).

• Molecular biology: Initiatives such as the Human Genome Project and the GenBank
database offer fascinating opportunities for machine learning and other data exploration
methods in molecular biology. Recent use of decision trees for analyzing amino acid
sequences can be found in (Shimozono, et al. 1994) and (Salzberg, 1995).

• Pharmacology: Use of tree based classification for drug analysis can be found in
(Dago, et al. 1994).

• Physics:For the detection of physical particles (Bowser-Chao and Dzialo, 1993).

• Plant diseases:To assess the hazard of mortality to pine trees (Baker, et al. 1993).

• Power systems:For power system security assessment (Hatziargyriou, Contaxis and
Sideris, 1994) and power stability prediction (Rovnyak, et al. 1994).
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• Remote Sensing:Remote sensing has been a strong application area for pattern recogni-
tion work on decision trees (see (Swain and Hauska, 1977, Kim and Landgrebe, 1991)).
Recent uses of tree-based classification in remote sensing can be found in (Rymon and
Short, Jr., 1994, Dowe and Krusel, 1994, Lagacherie and Holmes, 1997).

• Software development:To estimate the development effort of a given software module
in (Krishnamoorthy and Fisher, 1995).

• Other: Decision trees have also been used recently for building personal learning assis-
tants (Mitchell, et al. 1994) and for classifying sleep signals (Kubat, Pfurtscheller and
Flotzinger, 1994).

7.2. Software packages

Today, there are many research codes and commercial products whose purpose is con-
structing decision trees from data. In addition, decision tree construction is a primary
function provided in many general-purpose data mining tool suites. In the interest of
brevity we will not survey decision tree software tools here. A good list of current software
can be found in the “Siftware” section in the Knowledge Discovery Nuggets web page
http://www.kdnuggets.com/siftware.html.20 In addition to the decision-tree entries, many
entries listed under “software suites” and “classification using multiple approaches” are
also relevant.

Available decision tree programs vary in terms of the specific algorithms implemented,
sophistication of auxiliary functions such as visualization, data formats supported and
speed. The web page above just lists decision tree (and other) software packages. It
does not evaluate them. Objective comparative evaluation of decision tree software, in
terms of available functionality, programmability, efficiency, user-friendliness, visualization
support, database interface and price would be a very interesting, relevant but not necessarily
an easy or straightforward exercise.

It is perhaps important to point out that no single available software program implements
all that is known about decision trees. Each package chooses its favorite algorithms and
heuristics to implement. These choices should not be seen as shortcomings of the packages,
because implementing everything known is a very significant task which may have primarily
research value.

7.3. Trees versus other data analysis methods

This section, like Section 7.1 above, is not comprehensive but merely illustrative. We briskly
provide pointers to work that has compared decision trees against competing techniques for
data analysis in statistics and machine learning.

Brown et al. (1993) compared back-propagation neural networks with decision trees
on three problems that are known to be multi-modal. Their analysis indicated that there
was not much difference between both methods, and that neither method performed very
well in its “vanilla” state. The performance of decision trees improved in their study
when multivariate splits were used, and back-propagation networks did better with fea-
ture selection. Comparisons of symbolic and connectionist methods can also be found
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in (Weiss and Kapouleas, 1989, Shavlik, Mooney and Towell, 1991). Multi-layer percep-
trons and CART (Breiman, et al. 1984) with and without linear combinations are compared
in (Atlas, et al. 1990) to find that there is not much difference in accuracy. Similar con-
clusions were reached in (Fisher and McKusick, 1989) when ID3 (Quinlan, 1986b) and
back-propagation were compared. Talmon et al. (Talmon, Dassen and Karthaus, 1994)
compared classification trees and neural networks for analyzing electrocardiograms (ECG)
and concluded that no technique is superior to the other. In contrast, ID3 is adjudged to be
slightly better than connectionist and Bayesian methods in (Schwartz, et al. 1993).

Giplin et al. (1990) compared stepwise linear discriminant analysis, stepwise logistic
regression and CART (Breiman, et al. 1984) to three senior cardiologists, for predicting
whether a patient would die within a year of being discharged after an acute myocardial
infarction. Their results showed that there was no difference between the physicians and
the computers, in terms of the prediction accuracy. Kors and Van Bemmel (1990) com-
pared statistical multivariate methods with heuristic decision tree methods, in the domain
of electrocardiogram (ECG) analysis. Their comparisons show that decision tree classifiers
are more comprehensible and flexible to incorporate or change existing categories. Com-
parisons of CART to multiple linear regression and discriminant analysis can be found in
(Callahan and Sorensen, 1991) where it is argued that CART is more suitable than the other
methods for very noisy domains with lots of missing values. Comparisons between deci-
sion trees and statistical methods like linear discriminant function analysis and automatic
interaction detection (AID) are given in (McKenzie and Low, 1992), where it is argued that
machine learning methods sometimes outperform the statistical methods and so should not
be ignored.

Feng et al. (1993) present a comparison of several machine learning methods (including
decision trees, neural networks and statistical classifiers) as a part of the European Stat-
log project. The Statlog project (Michie and Taylor, 1994) was initiated by the European
Commission for “The Comparative Testing of Statistical and Logical Learning Algorithms
on Large-Scale Applications to Classification, Prediction and Control”. Feng et al.’s main
conclusions were that (1) no method seems uniformly superior to others, (2) machine learn-
ing methods seem to be superior for multimodal distributions, and (3) statistical methods
are computationally the most efficient. Thrun et al. (1991) compared several learning
algorithms on simulated Monk’s problems.

Long et al. (1993) compared Quinlan’s C4 (1993a) to logistic regression on the problem
of diagnosing acute cardiac ischemia, and concluded that both methods came fairly close
to the expertise of the physicians. In their experiments, logistic regression outperformed
C4. Curram and Mingers (1994) compare decision trees, neural networks and discriminant
analysis on several real world data sets. Their comparisons reveal that linear discriminant
analysis is the fastest of the methods, when the underlying assumptions are met, and that
decision tree methods overfit in the presence of noise. (Dietterich, Hild and Bakiri, 1995)
argue that the inadequacy of trees for certain domains may be due to the fact that trees are
unable to take into account some statistical information that is available to other methods
like neural networks. They show that decision trees perform significantly better on the
text-to-speech conversion problem when extra statistical knowledge is provided.

Pizzi and Jackson (1990) compare an expert system developed using traditional knowledge
engineering methods to ID3 (Quinlan, 1986b) in the domain of tonsillectomy. Quinlan
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empirically compared decision trees to genetic classifiers (Quinlan, 1988) and to neural
networks (Quinlan, 1993b). Palvia and Gordon (1992) compared decision tables, decision
trees and decision rules, to determine which formalism is best for decision analysis. Many
methods for learning from examples are compared in an early study by Dietterich and
Michalski (1983).

8. Conclusions

This paper attempted a multi-disciplinary survey of work in automatically constructing
decision trees from data. We gave pointers to work in fields such as pattern recognition,
statistics, decision theory, machine learning, mathematical programming and neural net-
works. We attempted to provide a concise description of the directions which decision tree
work has taken over the years. Our goal is to provide an overview of existing work in
decision trees, and a taste of their usefulness, to the newcomers as well as practitioners in
the field of data mining and knowledge discovery. We also hope that this overview can help
avoid some redundant,ad hoceffort, both from researchers and from system developers.

The hierarchical, recursive tree construction methodology is very powerful and has re-
peatedly been shown to be useful for diverse real-world problems. It is also simple and
intuitively appealing. However, the simplicity of the methodology should not lead a prac-
titioner to take a slack attitude towards using decision trees. Just as in the case of statistical
methods or neural networks, building a successful tree classifier for an application requires
a thorough understanding of the problem itself, and a deep knowledge of tree methodology.
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Notes

1. This is adapted from (O’Muircheartaigh, 1977), where a similar taxonomy was suggested in the general
framework of searching for structure in data.

2. Several earlier data mining products are old machine learning methods just repackaged under new titles.

3. Lubinsky (1995) considered trees that can have internal nodes with just one child. At these nodes, the data are
not split, but residuals are taken from a single variable regression.

4. While converting decision tables to trees, it is common to have leaf nodes that have a “no decision” label. (A
good recent paper on the use of decision tables in classification is (Kohavi, 1995a).)

5. A decision tree is said to perform classification if the class labels are discrete values, andregressionif the class
labels are continuous. We restrict almost entirely to classification trees in this paper.

6. One interesting early patent on decision tree growing was assigned to IBM (US Patent 4,719,571).

7. The desirable properties of a measure of entropy include symmetry, expandability, decisivity, additivity and
recursivity. Shannon’s entropy (Shannon, 1948) possesses all of these properties (Aczel and Daroczy, 1975).
For an insightful treatment of entropy reduction as a common theme underlying several pattern recognition
problems, see (Watanabe, 1981).
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8. Goodman and Smyth (Goodman and Smyth, 1988) report that the idea of using the mutual information between
features and classes to select the best feature was originally put forward by Lewis (1962).

9. named after the Italian economist Corrado Gini (1884–1965)

10. Quinlan’s C4.5 (Quinlan, 1993a) uses a naive version of the confidence intervals for doing pessimistic pruning.

11. Schaffer (1994) stated and proved a conservation theorem that states, essentially, that positive performance
in some learning situations must be offset by an equal degree of negative performance in others. To clarify
the, sometimes non-intuitive, consequences of the conservation theorem, Schaffer (1995) gave an example of
a concept for which informationlossgives better generalization accuracy than information gain. Schaffer’s
work draws heavily upon Wolpert’s earlier results (Wolpert, 1992b, Wolpert, 1992a).

12. Trees in which an internal node can have more than 2 children, have also been considered in the vector
quantization literature (Schmidl, Cosman and Gray, 1993).

13. Techniques that start with a sufficient partitioning and then optimize the structure (Meisel and Michalopoulos,
1973) can be thought of as being a converse to this approach.

14. In bootstrapping,B independent learning samples, each of sizeN are created by random sampling with
replacement from the original learning sampleL. In cross validation,L is divided randomly intoB mutually
exclusive, equal sized partitions. Efron (1983) showed that, although cross validation closely approximates
the true result, bootstrap has much less variance, especially for small samples. However, there exist arguments
that cross validation is clearly preferable to bootstrap in practice (Kohavi, 1995b).

15. Van Campenhout (1997) argues that increasing the amount of information in a measurement subset through
enlarging its size or complexity never worsens the error probability of a truly Bayesian classifier. Even after
this guarantee, the cost and complexity due to additional measurements may not be worth the slight (if any)
improvement in accuracy. Moreover, most real world classifiers are not truly Bayesian.

16. A lot of work exists in the neural networks literature on using committees or ensembles of networks to improve
classification performance. See (Hansen and Salomon, 1990) for example.

17. A c-regular tree is a tree in which all nodes havec children, and if one child of an internal node is a leaf, then
so are all other children. A tree is regular is it isc-regular for anyc.

18. It is argued empirically (Dietterich and Kong, 1995) that the variance in decision tree methods is more a reason
than bias for their poor performance on some domains.

19. For a general description of modern classification problems in astronomy, which prompt the use of pattern
recognition and machine learning techniques, see (Kurtz, 1988).

20. Considerable ongoing discussion exists about the appropriateness of Internet references in scholarly publica-
tions. Critics argue that such references assume the availability of the Internet/WWW to the readership as
well as the relative permanence and continued correctness of the referenced articles. While acknowledging
the merits of such criticism, we nevertheless resort to referencing the KDNuggets web site here. This is partly
because any reasonable survey of decision tree software tools would be involved and long, and has a relatively
brief life span because of the ever-evolving nature of the market.
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